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Abstract
This dissertation focuses on the spatial characterization and geological modeling of
the heterogeneity of coal qualities in a multilayer coal deposit. The geostatistical methods
and CT-image analysis were used for this purpose. The coal is considered to be essential in
this study because coal is one of the most abundant energy resources in the world and its
importance as an energy source is increasing as petroleum and gas resources decline. The
reasons why coal is important to everyday life due to its abundant, safe, clean, and cost
effective.
In Chapter 1, the background and purpose of this study, geological setting of study
area included location and accessibility, regional geology, local geology, and coal resource
and depositional, and the outline of dissertation were summarized.
In Chapter 2, the capability of geostatistical methods was examined, focusing on
ordinary block kriging for estimating reserves and structures of a multilayer coal deposit
whose data set is small without any significant geological structures. The first problem is
encountered when the amount of sample data is very small then the semivariogram is
largely biased. The second problem is related to the appearance of small outliers, which
indicates the mixture of data population. Those outliers have large effect on variographic
structure and therefore choosing a variographic structure without outliers should be better.
Another problem noted in this study arises when a seam is missing due to erosion and/or
local displacement. In this case, kriging estimation is unable to distinguish whether a seam
exists at a point or not. In fact, a priori information on the locations where a seam exists is
not considered in kriging. Moreover, the negative estimated values of overburden and
interburden in some blocks are obtained in some cases, which results from the estimated
top elevation of the upper seam being higher than the estimated topographic elevation. In
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order to overcome this problem, it is indispensable to select only blocks, which have
positive estimates of overburden and interburden, and then take their estimated seam
thickness into account for the reserves assessment.
In Chapter 3, based on the methodology used in Chapter 2, a new geostatistical
approach was presented to characterize the geometry and quality of a multilayer coal
deposit. The used data set are seam thickness as a geometric property and the contents of
ash, sodium, total sulphur, and the calorific value, as quality properties. A coal deposit in
East Kalimantan (Borneo), Indonesia, whose geological structures are synclinal and thrust
fault, is chosen as the study site. This coal deposit has larger number of data set and
heterogeneous quality properties compared to ones used in Chapter 2, but the phenomena
in having the outliers and local disappearance of the seam structures is similar.
Semivariogram analysis clarified the strong dependence of calorific value on ash content in
the top and bottom sub-units of each seam (sub-seams) and the existence of a strong
correlation with sodium content over the sub-seams in the same location. The correlations
between the geometry and quality of the seams were generally weak. A linear
coregionalization model was used to derive the spatial correlation coefficients of two
properties at each scale component from the single- and cross-semivariogram matrices.
Because the data were correlated spatially in the same seam or over different seams,
multivariate techniques (ordinary cokriging and factorial cokriging) were mainly used.
Then the resultant spatial estimates were compared to those derived using a univariate
technique (ordinary kriging). A factorial cokriging was effective to decompose the spatial
correlation structures with different scales. Another important characteristic was that the
sodium content shows distinct segregation: the low zones are concentrated near the
boundary of the basin, while the high zones are concentrated in the central part. The main
component of sodium originates from the abundance of saline water. Therefore, it can be
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inferred that seawater had stronger effects on the coal depositional in the central basin than
in the border part. The geostatistical modeling results suggest that the thicknesses of all the
major seams were controlled by the syncline structure, while the coal qualities chiefly were
originated from the coal depositional and diagenetic processes.
In Chapter 4, a new approach that stands on the spatial modeling of seam structure
and coal quality was presented for aiming at confidential assessment of coal reserve
uncertainty associated with the coal tonnage and grade (quality). Coal reserve estimation
requires comprehensive spatial analysis of geologic and geochemical data. The same
multilayer coal deposit presented in Chapter 3 was selected as a case study site. The spatial
models of seam thickness and coal qualities were produced by geostatistical methods of
ordinary kriging and sequential Gaussian simulation, which were effective to evaluate local
or global uncertainty by honoring spatial correlation structures. The seam structures were
modeled by a binary transformation of the geologic data and the three-dimensional
optimization method. It was clarified that the lower seam sequence has highest degree of
uncertainty because of the smallness of average coal accumulation and the sparseness of
sample data points in the north part. This study demonstrates that the uncertainty of coal
accumulation and spatial variability of coal qualities are related to the seam structures and
geological factors that controlled the generation of coal deposit.
In Chapter 5, an application of the industrial X-ray CT scanner was presented to
analyze the correlation between coal qualities and microstructures by scanning several bulk
and core coal samples. Most of samples were taken from three main seams of Seams T, R,
and Q from the upper to the lower sequence which their spatial distribution model has been
discussed in Chapters 3 and 4. Each seam is classified into three sub-units: top, middle, and
bottom because the quality of top and bottom sub-units is different from the middle
sub-units. In general, the top and bottom sub-units have the ash content and total sulphur
xv
higher than the middle sub-units. Following this circumstance, coals were sampled from
these sub-units for each seam and also oriented in the field. Coal microstructures were
detected by CT-image analysis which the CT-values are related to the bulk density of
material. Coal microstructures were focused on the components in the coal samples with
unusual features and CT-values. The normal coal components (macerals) had the
CT-values ranging from 100 to 300. Based on this general trend, the components whose
CT-values are extremely larger or smaller than that range were classified into impurity
materials. Some natural microfractures detected on the CT-images were also infilled by
impurity materials in some parts. The impurity materials in coals detected from the
CT-image were used to interpret the quality distribution. As the result, the low quality of
coal is spatially correlated to the presence of impurity materials infilled in the natural
microfractures. Moreover the major orientation of microfractures in NWN-SES is detected
to be coincided to the striking of syncline axis in the study site.
In Chapter 6, the total conclusion for each chapter was summarized.
xvi
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1.1. Background and Purposes
1.1.1. Background
Coal is one of the most abundant energy resources in the world and its importance
as an energy source is increasing with the decline of petroleum and natural gas resources.
Coal is defined as a combustible, sedimentary, organic rock (composed primarily of carbon,
hydrogen and oxygen) formed from vegetation, which has been consolidated between other
rock strata to form coal seams, and altered by the combined effects of microbial action,
pressure and heat over a considerable time period. Coal is the world's most abundant, safe
and secures fossil fuel; it is also clean and cost-effective (from Comptoir Balland-
Brugneaux). There are several reasons on why coal is important to everyday life.
1. Abundance:
Extensive reserves of coal are present in many countries; coal is mined in more than 50
countries. With known reserves for 155 years, coal users are guaranteed security of
supply at competitive prices; hence electricity supplies for industrial and domestic use
are assured.
2. Safeness:
Coal is stable and therefore the safest fossil fuel to transport, store and use.
3. Cleanness:
Today's coal industry is at the forefront of environmental management. Commercially




Coal prices are stable and competitive compared with other fossil fuels. Coal today is
used to generate about 40% of the world's electricity and about 70% of the world's steel
is based on coal.
Coal resources are available in almost every country worldwide, with recoverable
reserves in around 70 countries. At current production levels, proven coal reserves are
estimated to last 155 years. In contrast, proven oil and gas reserves are equivalent to
around 41 and 65 years at current production levels respectively; over 68% of oil and 67%
of gas reserves are concentrated in the Middle East and Russia (World Coal Institute,
2006). The coal reserves at the end of 1999 for regional distribution are summarized in
Fig. 1.1 and Fig. 1.2 shows the world's coal production and consumption. In addition, the
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Fig. 1.2. Coal production and consumption at the end of 1999 for regional distribution
(World Energy Council, 1999-2007).


























Indonesia has 4968 Mt of proven coal reserves which is the 4th largest coal
reserves in the Asia-Pacific behind Australia, India and China. Moreover, in 2005
Indonesia produced 152.2 Mt of hard coal, making it the 7th largest coal producer in the
world. Mineable coal reserve in Indonesia is distributed about 53% in Sumatra and 47% in
Kalimantan. A breakdown of mineable reserves by rank is not currently available from the
Directorate of Mineral and Coal Enterprises of Indonesia. It is based on a breakdown of
total coal resources issued by the Directorate of Coal in 1995, which showed lignite as
accounting for 59% of coal deposits, sub-bituminous coal 27%, bituminous 14%, and
anthracite less than 0.4% of the total. Indonesian coals in production generally have
medium calorific values (5000-7000 kcal/kg or 21-29 MJ/kg), with relatively high
percentages of volatile matter. They benefit from low ash and sulphur contents, making
them some of the cleanest coals in the world. Competitive quality characteristics have
secured substantial export markets for Indonesian coal: in 2000 over 58 million tonnes
were shipped overseas, representing just over 75% of total coal output. Within Indonesia,
coal's main market is power generation, which accounted for 69% of internal consumption
in 1998 (World Energy Council, 1999-2007).
Regard to the increasing of coal demand in the world, the coal exploration and
production should be increased. Exploration and resources estimation are the beginning
part in any mining activities included coal mining. Those will verify the decision to be
taken and advanced strategy to be conducted by Mine Company. In order to optimize the
coal resources and reserves, the coal resource modeling is the vital part in a coal mining
activities. In addition, it will be essential as commonly coal deposit has high uncertainty in
spatial distribution. Mining operation always needs the coal resources and reserves
estimation in long and short term for controlling of mining design and scheduling.
Coal deposit properties can be divided into two components. Firstly is coal quantity
that is related to the geometrical distribution such as borehole elevation (m), elevation of
top layer (m), elevation of bottom layer (m), and thickness (m). Secondly is coal quality
that is related to the grade distribution such as ash content (%), sodium content (%), total
sulphur (%), and calorific value (kcal/kg). The geostatistical methods can be applied to
solve the problem in coal resources modeling and reserves estimation. Geostatistics has
been defined by G. Matheron as "the application of probabilistic methods to regionalized
variables", which designates any function displayed in a real space (from Geovariances).
Whateley (2002) mentioned that computer simulation of in situ coal quality for
improving predictions of the variability of sulphur and ash contents, and calorific value on
a daily and weekly basis have been identified as the most significant parameters affecting
coal supply. Moreover, he suggested that future research into simulation and modeling of
coal treatment, coal handling and end use should also be addressed. The uncertainty
estimate in coal resources assessment has been examined by some previous researchers
such as Schuenemeyer and Power (2000), Costa et al. (2000), Hohn and McDowell (2001),
and de Souza et al. (2004). Most of them showed the capability of geostatistical methods
such as kriging and conditional simulation in estimating and simulating the coal properties.
Deutsch and Journel (1998) prepared a geostatistical software library that contained of
many estimation and simulation programs. Furthermore, Chiles and Delfmer (1999) gave
the basic and practical aspects of geostatistics as the worth method in modeling spatial
uncertainty.
1.1.2. Purposes
This research focuses on characterization and geological modeling of coal resource
quality based on spatial heterogeneity by geostatistical methods and CT-image analysis.
The initial objective of this research is to apply and evaluate the geostatistical methods
such as ordinary kriging, cokriging, factorial (co)-kriging, and conditional simulation in
estimation and simulation of the coal resources modeling, as well as to generate degree of
uncertainty related to the data distribution. The interpretation on diagenesis and coal
depositional process related to coal geometry and quality is discussed based on the spatial
distribution model. Finally, image analysis of X-ray CT scanning on coal samples is
carried out to quantify the distribution of coal components and microstructures related to
the coal quality and local deformation in the study area.
The output result of this research is 2D and 3D spatial model of geological
resources which can be used as a guideline for assessing the mineable reserve. Moreover in
mining development, this research which produces the spatial distribution of coal variables
is essential in controlling the mine design and scheduling in the long term.
1.2. Geological Setting of Study Area
1.2.1. Location and Accessibility
The study area is named Lati Coal Mine, located in Tanjung Redeub, East
Kalimantan (Borneo), Indonesia. This area can be accessed by airplane for 2 hours, from
Soekarno-Hatta International Airport at Jakarta to Sepinggan Airport at Balikpapan, the
capital city of East Kalimantan Province. From Balikpapan to Tanjung Redeub, the capital
city of Berau Regency can be accessed by airplane for 1.5 hours or by car for 12 hours.
Lati area can be reached from Tanjung Redeub by car for 1 hour or speedboat for 20
minutes. The location of study area is illustrated in Fig. 1.3.
Lati Coal Mine is one of mining area belonging to PT. Berau Coal which is one of
the major private coal mining companies in Indonesia. The other mining sites surround
Lati Coal Mine are Binungan and Sambarata Coal Mine. Therefore there are several coal
resource prospect areas around these mining sites. Coal resource surround Lati Coal Mine
is deposited in a basin area of 150 km2 approximately.
1.2.2. Regional Geology of Kalimantan, Indonesia
Kalimantan has been known having three old volcanic strips as frequently
mentioned as Volcanic Corridor. It was being spread out from the western of Kalimantan
Singkawang to Matau/Ketapang, and finally to Meratus Mountain in the south-eastern of
Kalimantan. These three volcanic strips have been going toward east Kalimantan and
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Fig. 1.3. Location of study area at Tanjung Redeub, East Kalimantan, Indonesia (left) and
borehole sites distribution superimposed on the topography of the Lati basin (right). The
scales in the map denote the UTM coordinates in the study area from 558,000 to 568,000
m along E-W and from 244,000 to 264,000 m along N-S.
The chain of Meratus Mountain is situated at the edge of south-east Kalimantan.
Kalimantan is bordered by Makasar strait in the east part, thus made it separated to
Sulawesi (Celebes), and then bordered by Jawa (Java) sea in the south part. Partially, Jawa
sea is bordered by a volcanic arc that caused by the subduction of Hindia Ocean below the
edge of Asia continental (Sumatera, Jawa, Bali, etc.).
In the view of tectonic setting, southern of Meratus has polyphase geological
structure that always changes as the time being. These phases were started by a major
compression at Cenozoic that taken move peridotites where metamorphic rocks situated
underneath. The deformation of this phase was difficult to be observed, but Upper
Cretaceous situated discordance upon Mid Cretaceous and enclosed the contact of that
removed place. This obduction is the product of a collision either derived from a suddenly
speeding up of plate's congregation or from blocking of a micro-continent. In an extensive
phase of Upper Cretaceous to Paleocene, the NE-SW trans-current faults had control to the
edge of Asia Continent, started from Jawa Island to Kalimantan which is concurrence to
the movement direction from the oceanic plate. These faults border the depositional region.
A compression phase at Mid Miocene had controlled to the current structures. It is
indicated by a bended enormous fold and a reverse fault which uplifted Meratus upon the
east edge of Barito Basin. Finally at a phase of neo-tectonics uplifting, the middle part of
mountain chain was moved forward to the north-west, and moreover in the south-east part
it was bordered by a transverse faults termed 'Meratus Fault' (Priyomarsono, 1985).
1.2.3. Local Geology of Tarakan Basin
Tanjung Redeub area is situated in the Tarakan Basin which is one of three major
sediment basin developed along the east border of Kalimantan Continent at Tertiary Period.
Those three major basins are Tarakan Basin in the north, Kutai Basin in the middle, and
Barito Basin in the south part. Tarakan Basin was formed as a concave arc headed for
Makasar Strait. This basin elongated from the north bounded by subduction zone in
Semporna Peninsula to the south bounded by Suiker-Brood Highland and Mangkalihat
Peninsula.
The depositional of Tarakan Basin was dominated by clastic and carbonate
sediments. This depositional was started during transgression at Eocene Period and
continued up to Early Miocene Period, while Kucing Highland underwent uplifting shiftily,
consequently the coastline more and more being moved to the east. At Mid Miocene
Period, a regression occurred and continued by pro-gradation depositional headed for the
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Fig. 1.4. Tectonic map of Kalimantan, associated with the sedimentary basin positions
(Hall and Nichols, 2002)
This basin achieved a speedy down lifting at Miocene and Paleocene Periods, and
the central of basin driven out to the east as the time being. Tarakan Basin consists of four
sub-basins:
1. Tidung Sub-Basin
This sub-basin is situated in the most north headed for Sabah. It was developed initially
at Late Eocene to Mid Miocene Periods. Its south part is bordered by Berau Sub-Basin
at Latong Highland.
2. Tarakan Sub-Basin
This sub-basin has been developed as seashore deposit which is contained by a thick
sediment deposit during Miocene Period.
3. Muras Sub-Basin
This sub-basin was seashore deposit from Mangkalihat Peninsula which is contained by
reef and other carbonate depositional.
4. Berau Sub-Basin
This sub-basin is located in the most south of Tarakan Basin. It was developed initially
from Late Eocene up to Mid Miocene Periods, and it has the same depositional record
to Tidung Sub-Basin.
The geology of Tarakan Basin can be seen in Fig. 1.5. This basin has geological
structures of syncline and anticline. In particular, the geological structures at Berau area
consist of folds (anticline and syncline), normal faults, transverse faults, and some
lineaments in NW-SE and SW-NE directions. At least four times of tectonics has been
occurred at this area that was started at Late Cretaceous. The first tectonic caused folding
and faulting, in addition, a low grade of regional metamorphism occurred in Benggara
Formation. It is the most active tectonic during the origin of this area. Talabar and
10
Sembakung Formations were formed subsequent to this tectonic at Early Eocene to Oligo-
Miocene Periods in the shallow aquatic setting.
Fig. 1.5. Geologic setting of Tarakan Basin (Suwarna et al., 2006).
At the second tectonics, Sterile Formation was formed at Oligo-Miocene Period
pursued by andesite intrusion. Afterward volcanic activity produced Jelai Volcanic Unit in
the west part. The depositional of Sterile Formation was continued by Berau Formation
11
(Latih) around Teluk Bayur area during the end of Early Miocene up to Mid Miocene, and
subsequently followed by the third tectonic.
The third tectonic was occurred during Late Miocene up to Pliocene Periods. In this
moment, Labanan Formation, Domaring Formation, Tabul Formation were respectively
deposited in the south-west, east, and north, and then followed by a volcanic activity which
formed Sinjin Formation in the south-west. In addition, Sajau Formation was deposited in
the north-east at Plio-Pleistocene Period.
The forth tectonic process was occurred after the depositional of Sajau Formation at
Pliocene Period. This tectonic caused Sajau Formation and the older one were folded and
faulted then created the morphology feature as currently.
The structure pattern of Tarakan Basin was influenced by tectonics that occurred
after Latih Formation which was formed at Mid Miocene Period (the third tectonic), and
also by the tectonic which occurred after Sajau Formation at Plio-Pleistocene Period with
stress directions relatively around NE - SW.
The morphology of Lati area consists of plain (in the level 0-50m), wavy range of
hills (in the level 50-300m), and partially swamps. Plain is situated around the middle part
of study area elongated from the north-west to the south-east. Wavy range of hills is
located around the north-west of study area, then swamps mainly situated around the
south-west part. Fig. 1.6 shows a side view of Lati Coal Mine, Tanjung Redeub, East
Kalimantan, Indonesia.
The sequence of stratigraphic around Lati area from the older to younger
formations is Sterile Formation, Berau (Latih) Formation, Labanan Formation, and Bunyu
(Sajau) Formation. Those formations were deposited during regression process in Berau
Sub-Basin at Tertiary Period. Several older rock-units were deposited beneath the Sterile
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Formation. These units included marl and limestone which deposited during transgression
process started from Eocene up to Oligocene Periods.
Fig. 1.6. A side view of Lati Coal Mine, East Kalimantan, Indonesia.
Sterile Formation
This formation is the oldest formation in the Berau Sub-Basin. It was deposited at
Miocene Period in pro-delta and delta front environments. The lithology consists of marine
mudstone, thin siltstone with fossil interbedded by sandstone. This formation has thickness
about 2500m in average. The massive sandstone has fine to very fine grains, and has
several zones with larger to medium grains. This sandstone has thickness more than 30m,
however in some places has thickness less than 30m. In addition, sandstone was
interbedded by thin to thick layers of mudstone and siltstone. Aquatic fossil is found in
mudstone and siltstone as well as in sandstone. The contact between Sterile and Berau
Formations is not obvious due to the lack of observation. Furthermore, this contact does




Berau Formation is the coal bearing formation in this sub-basin. This formation is
situated in conformity upon the Sterile Formation, while contact to the Labanan Formation
is fingering. The lithology of this formation consists of interbedding of sandstone,
mudstone, siltstone, and coal in the upper part. Moreover, the insertion of sandy shale and
limestone are found in the lower part. Berau Formation has thickness about 1800m, and it
was deposited at Mid Miocene Period in delta, estuarine, and shallow aquatic environments.
Mudstone in this formation has gray to dark gray in color, partially containing light gray
silt layer. Interlaminating between siltstone and sandstone is not often observed in the
specific places, but commonly observed in some places. Plant structure in this formation
has numerous pyrites. Moreover, burrow and bioturbation structures are frequently
observed in mudstone layer. Additionally, fossils are originated as shell fossils. Siltstone is
commonly observed in light gray color, as a layer with a few meters in thickness. The
contact typically is not obvious while the layer is thick; in other side it is apparent while
the layer is thin. Thin interbedding between mudstone and sandstone is commonly
observed in siltstone. Burrow structure is frequently observed while siltstone contained by
many mudstone layers. Fossils can be found as shell fossils. Coal is commonly associated
with siltstone and also contained by pyrites in the lower and upper part of layer.
Sandstone is the major rock-forming of Berau Formation, 30% approximately. It is
commonly observed as layers whose the thickness is up to 20m. It has light gray in color
and grain size varied from very fine to medium. The grain size in the thick layer is always
larger toward the upper part. The grain shape is often observed to be normal to fairly
rounded, but the fairly irregular grain shape is rarely observed. The clastic material can be
found as quartz and a few other minerals. Cross-bedding structure is appeared mostly in
the thin layers of mudstone and siltstone. Coal and carbonaceous shale layers is observed
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upon the sandstone layer. Coal is observed as seam with thickness of a few centimeters up
to 5m, in black color, and a small partially in brown color. Some outcrops appeared to be
bright to dull in luster. Pyrites are not often observed in cleat and split. Root plant structure
can be found in sandstone that associated with coal in the upper part of layer. Furthermore,
a few centimeters mudstone layer contained the root structure is observed linking the coal
and sandstone.
The upper part of coal seam commonly has an obvious contact to mudstone.
Mudstone normally has very dark gray in color and contained burrow structure. In some
places, the upper part of coal seam has burrow structure that was contained the sand. A few
borehole data showed the existence of marl or limestone as a layer which is about 0.3m in
thickness. Contact plane between Berau Formation and Pliocene layers in the upper part is
not observed at the Lati area. The general stratigraphic of the Berau Formation is described
in Fig. 1.7.
Bunyu (Sajau) Formation
The youngest stratigraphic unit in Berau Sub-Basin is alluvial sediments that
predicted to be Quaternary aged in the delta plain environment. Bunyu (Sajau) Formation
is situated beneath this unit, and has thickness about 1250m in average. The major
lithologies in this formation are clayey sandstone interbedded by conglomerate, mudstone,
and lignite. This formation was deposited in delta plain environment during Late Plio-
Pleistocene. Bunyu Formation is not observed at the Lati area.
The stratigraphic of Berau Sub-Basin is summarized in Fig. 1.8, and the local
geology around Lati Coal Mine is depicted in Fig. 1.9. Geological structures at Lati area
involved a large basin area shaped like syncline bowl. The axis of this syncline has
direction around N340°E with the steeper dip toward south-west. The dip of layers in the
15
west limb is 9° - 13° and in the east limb is 2° - 3°. Several lineaments are observed at the
















































0.92 (0.50 - 1.25) = Average thickness (minimum - maximum)
Total average thickness of Berau Formation = 432.86 m
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Deep aquatic Progradationalreg essionT ansgressionFig. 1.8. Stratigraphic column ofBerau Sub-Basin (Widayat, 2005).Other observation showed that Lati Syncline has striking N290°E - N20°E with p
8°-53° NE for SW limb, and striking N160°E - N180°E with dip 10° - 23° SW for NE limb.
The axis plane is striking around NW - SE. In the view of geometries, the fold type at Lati
area is interpreted as asymmetric syncline fold. The major striking of this fold is SE - NW
with dip around 8° - 53° SW. The dip of NE limb tends to be more gently than the SW
limb. This indicated that the axial plane is not perpendicular to the horizontal plane. Fold
analysis based on the field observation to the position of bedding plane around syncline
limbs using stereographic method showed that the major striking of NE limb is
N163°E/20°, while SW limb is N342°E/15°. Additionally, the major striking for axial
plane is N343°E/88°, while the hinge line has plunge 0° with striking N165°E. Therefore
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Fig. 1.9. Surface geological map overlays to the Landsat TM imagery in the Lati area,
Berau Sub-basin.
Beside fold structure, the presence of fault structure at the Lati area was observed.
The observed fault indications are: drag-fold with major direction N20°E, sheared fractures
with major direction N120°E/47°, lithologic offset with major direction N300°E, and
brecciated lineament with major direction N30°E. Fault analysis based on the above
observations was carried out using stereographic method and obtained the position of fault
plane is around N30°E/86°, rake 4°, and net slip 4°, N36°E. Based on this analysis, the
fault type at Lati area is classified to be 'Right Slip Fault' with the direction of NE - SW
relatively (Berau Coal, 2004).
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1.2.4. Coal Resource and Depositional
Berau Formation at least has 19 coal seams at the Lati area. Most of coal seam is
situated upon sandstone whose the gradation sequence from the lower part are aquatic
mudstone, siltstone, and massive sandstone beneath coal seam. The root structure is
observed in some places in between coal and sandstone. Upon the coal seam, mudstone
was deposited with burrow and bioturbation structures. This feature indicates the sequence
of sea water surface transgression that straightly blocked the coal material depositional in
the swamps environment. Moreover, in some places there is burrow structure contains sand
in the top part of coal seam, but there is no sandstone upon the coal seam. In the most of
coal interburden, sequence gradation from the lower to upper part was found as: mudstone,
siltstone, and sandstone beneath coal seam. The reappearance of this gradation was not
observed obviously yet, whether it was formed by the delta uplifting, shore dominated by
swamps, or lagoon depositional.
Among 19 coal seams at the Lati area, only 4 seams are potentially to be mined
presently, termed as Seams P, Q, R, and T. These seams have low sulphur content, low ash
content, and relatively large in thickness. Seams R and Q are observed as major seams due
to their large resources, on the other side Seams P and T are observed as minor seams.
There are 15 other minor seams distributed locally in the restricted area, and they have the
same or better quality as the four major seams. Those 15 coal seams could not be
correlated obviously due to the lack of geological data. The croplines distribution of seam
R and Q shape an ellipse (see Fig. 1.10). The thickness of Seam R varies from 0.9m to
5.1m with average 3m. The thickness of Seam Q varies from 0.8m to 4.3m with average
2.6m. The thickness of interburden beneath Seam R and upon Seam Q varied from 15m to
30m. The interburden is being thin in the north part and being thick toward the south part.
The thickness of Seam P varies from 1.4m to 2.6m with average 2m and the thickness of
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Seam T varies from 1.2m to 3m with average 2.3m. The thickness of interburden between
Seams R and T varies from 50m to 55m. All of coal seams at the Lati area have relatively
high ash content and total sulphur content in the top and bottom sub-units, and low ash
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Fig. 1.10. Croplines map of Seams T, R, Q, and P in Lati Coal Mine (modified from Berau
Coal, 2004).
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In fact, coal resources in this area have been observed since Dutch colonial existed
until now. Other study mentioned that there are about 70 coal seams with thickness vary
from 0.2m to 5.5m. In general they have the various ranks from brown coal to bitumen
coal. In 1999, PT. Berau Coal reported that the coal reserve in the Lati Coal Mine is about
74.9 Mt, and about 25% of the known coal resources in this area have been exploited by
open pit mining as of 2006.
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Fig. 1.11. Environments of deposition in a deltaic sequence (Home et al., 1978).
The past geology occurred at the study area was initiated from the end of Early
Miocene to Mid Miocene Periods when the Berau (Latih) Formation was formed. This
formation has several rock units initiated with the depositional of fine grained sandstone
unit compounds of interbedding between fine grained sandstone, mudstone, and shale
sandstone dominated by sandstone. Sediment structures developed in this rock unit
commonly are bedding, parallel lamination, wavy lamination, and burrow cross-bedding
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indicates that the sediment structure was influenced by tidal current and deposited in the
transition or delta environment (lower delta plain to transitional lower delta plain). Fig.
1.11 illustrates the environments of coal depositional in a deltaic sequence observed by
Home etal. (1978).
1.3. The Outline of Dissertation
Chapter 1 introduces the background and purposes of this study, and then
geological setting of study area involves the location and accessibility, regional geology,
local geology, and coal resources and depositional process.
Chapter 2, the capability of geostatistical methods is examined, mainly focusing on
ordinary block kriging for estimating reserves and structures of a small coal deposit apart
from the multilayer coal deposit in the main study area.
Chapter 3, a new multivariate geostatistical approach is addressed for
characterizing the coal geometry and quality using the data of seam thickness as a
geometric property and the contents of ash, sodium, total sulphur, and the calorific value,
as quality properties.
Chapter 4, an uncertainty assessment for coal tonnage is generated based on the
geostatistical estimation and simulation, and then on the spatial modeling of seam
structures and coal qualities were built to interpret the geological process of coal
depositional and local deformation.
Chapter 5, the image analysis is developed for the images obtained from an X-ray
CT scanner which is used to measure some coal samples aimed at detecting the distribution
of coal components and microstructures inside the samples.
Chapter 6 summarizes the conclusion of each part resulted in this study.
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Capability of Ordinary Kriging for Estimating Coal Deposit
2.1. Introduction
Before spatial modeling of coal qualities by geostatistics, this chapter evaluates
the capability of kriging methods for coal resource assessment. The capability of ordinary
kriging for spatial prediction was discussed by Cressie (1988). But applications of
geostatistics to coals have been limited as compared to metal deposits; nevertheless some
studies have demonstrated that kriging works in practice for coals as well as for metals
(Armstrong et al., 1989). Since Costa (1997) developed the recoverable reserves estimation
and ore body modelling as well as for coal deposit, other developments of the method for
spatial variability modelling of coal seam were addressed (Tercan, 1998, Costa et al., 1998,
Costa et al., 2000, and Saikia et al., 2007). In this study, the data from 37 drilling sites
covering an area of 2x3 km are used. The local coordinates and elevations were
transformed for kriging, but this transformation does not change the original spatial
correlation of samples. Four coal seams are the main target of this case. The objectives of
this study are: (1) clarifying statistical characteristics of data and spatial structures by
variographic analysis, (2) estimating the distribution of borehole elevation, top and bottom
elevation of seam, seam thickness, and total sulphur in 2D using ordinary block kriging,
(3) optimizing the mined prospective blocks and coal seam using two constraints: the ratio
between waste volume and coal tonnage is 7:1 at the maximum, and the total sulphur is
less than 1%. However, some problems are encountered during this study due to the
smallness of data amount and the limit of kriging capability in estimating. Some practical
solutions have been selected and applied to overcome the problems.
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In fact, the study site and data set used in this chapter is different from the next
chapter, but the natural phenomena of seam structure and coal qualities are similar. Then
the methodology used in the next chapter is based on the methodology used in this chapter.
2.2. Geology and Data Set
The study site is located in South Kalimantan, Indonesia. There is no positional
relationship between the study site used in this chapter to the main study site (Lati Coal
Mine), except that they are located in the same regional tectonic setting of Kalimantan (see
Figs. 1.4 and 2.1). The site is included in the Barito Basin while the main study site is
included in the Tarakan Basin. The major rock types can be grouped into two units, i.e.: (1)
Unit of Igneous Rock, which is a part of Formation Hry of Pre-Tertiary, and (2) Unit of
Mudstone with interbedded coal, which is a part of Formation Tjg of Eocene (Heriawan et
al., 2004). The stratigraphic column in Fig. 2.2 describes lithology sequence, included coal
seams in the study site. Six layers with different ages have been found in the unit of
mudstone, i.e.: seams Mu2, Mul, Ml, M2, Nl, and N2 in ascending order. In general,
those seams strike N-S striking and dip ± 4° toward east. In several sites, the seams have
been eroded by the rivers. Seam Mu2 is not distributed extensively in all area, but limited
in places. Seam Mul was concealed in the northern part (washout). Seam Nl was similar
to Seam Mul and distributed extensively toward the southern part where it was eroded.
Seams Ml and M2 almost cover the study areas. Seam N2 is locally distributed in the
northern and southern parts. This study uses the data from 37 drilling sites and estimates
the spatial structures of seams Mul, Ml, M2, and Nl that are rich as coal resources in the
study site.
Four types of properties used in this study are: (1) borehole elevation (m); (2) top
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and bottom elevations (m) of seams Mul, Ml, M2, and Nl; (3) their thickness (m); and (4)
total sulphur (%) of the seams. Statistics of the properties in each seam are summarized in
Table 2.1.
Fig. 2.1. The study site discussed in this chapter is located in South Kalimantan (red
rectangle) compared to the main study site which is located in East Kalimantan (blue
rectangle).
Borehole elevation is used to estimate the topography of the study site. Estimating
of topography is indispensable to calculate the overburden thickness, which is the
difference between the topography and top seam Mul. In addition, details of borehole
elevation are used to define the elevation of top and bottom of each seam. The difference
between the elevations is equal to seam thickness. Estimating top and bottom elevations of
seam determines the overburden (OB) and interburden (IB) thickness. Three different




Fig. 2.2. General stratigraphy ofthe study site (Heriawan et al., 2004).
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To calculate seam thickness, we subtract the bottom elevation from the top
elevation in each seam. If a borehole contains a top of seam, then the bottom is also
defined. Seam M2 presents interesting phenomena: there are three values that are smaller
than the others (total 31 data). Those values are located separately in the northern area
(0.28m in BH-01, 0.10 m in BH-12, and 0.15m in BH-13), and they seem to belong to a
different population. The chosen mining method excavates only seams that have thickness
more than 0.25m, so that all the seams can be mined well. Fig. 2.3 shows the histogram of
thickness distribution of each seam. Due to the constraint in total sulphur that is less than
1%, not all seams can be mined. This can be confirmed by kriging estimation as noted later.
In fact, seam Mul in which only eight data are available. Interesting phenomena is seen in
seam Ml in that the two highest values exist separately in the northern area, i.e., 2.53% in
BH-12 and 3.59% in BH-01. They seem to belong to different population with the three
smallest values in the thickness of seam M2. Statistically, seam Nl is not worth mining,
because 15 among the 16 data have total sulphur larger than 2% and only rest data in
BH-16 is less than 1% (i.e. 0.55%). The total sulphur distributions in each seam are
slightly skewed except for seam Nl as shown by the histograms (Fig. 2.4). Total sulphurs
are generally erratic and contain apparent "outliers" that can decrease the spatial accuracy
(Armstrong et al., 1989).
Correlation between seam thickness and total sulphur is significant. Fig. 2.5 shows
the scatter diagram of the two properties: seams Mul and Ml have negative correlation,
while the correlations are positive in seams M2 and Nl. Seam Mul has the strongest
correlation, but unfortunately only eight set is available. Although the bivariate model
between total sulphur and thickness is important, we assume that the total sulphur of a
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Fig. 2.5. Scatter diagram ofthickness and total sulphur for Seams: Mul, Ml, M2, and Nl.
2.3. Variographic Analysis
In this part, the techniques for constructing experimental semivariogram and its
fitting model are discussed. The semivariogram of an intrinsic random function is defined
by:
y(h) = -Var[Z(x + h) - Z(x)] (2.1)
For stationary and intrinsic random variables, the mean of Z(x+h)-Z(x) is zero and
therefore, y(h) becomes the mean square difference between two values:
(2.2)
where x denotes the points (xi, X2) and h is a vector connecting the points in 2D space
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(Armstrong, 1998).
The principal direction of the top and bottom elevations of Seams M2 and Nl is
N30°E and of Seams Mul and Ml is N40°E in azimuth. All structures in these directions
show high continuity. Some also have small nugget effects as seen in the semivariogram of
borehole elevation. Top and bottom elevations have the same semivariogram shape and
spatial continuity semivariogram.
There is no significant structure in the thickness of seam Mul suggesting a purely
random phenomena (white noise). The thickness of seams Ml and Nl are approximated by
the spherical model with a nugget effect. The thickness of seam M2 has high continuity
structure shown by experimental semivariogram of 31 data. However when three outliers'
data (the small values) in the northern area (see Fig. 2.6) are excluded, the semivariogram
is changed from the power model (Fig. 2.7(a)) to be a pure nugget effect (Fig. 2.7(b)).
Purely random phenomena seem to exist in the total sulphurs of seams Mul, M2,
and Nl. Fig. 2.8 shows the base map of total sulphur Seam Ml. Continuity is only apparent
in the total sulphur of seam Ml as indicated from the power model of semivariogram in
Fig. 2.9(a), but a nested structure composed oftwo spherical models exists as shown in Fig.
2.9(b) when two outliers' data (the highest values) in the northern area are masked. This
nested structure signifies the presence of processes originated from different scales
(Armstrong, 1998). The semivariogram model of the total sulphur of seam Ml with two
masked data is used in the estimation. In fact, there is also an outlier (the smallest value) in
total sulphur of seam Nl in the middle area. This data is surrounded by higher values. It
was not masked in variographic analysis, because its location is less important than the
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Fig. 2.6. Base map of thickness Seam M2,
where the outliers are enclosed by dashed line.
Fig.2.7. (a) Semivariogram of thickness
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Fig. 2.8. Base map of total sulphur Seam Ml,
where the outliers are enclosed by dashed line.
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Resource estimation is performed to clarify the distribution of coal quality and the
coal volume in the study area. The estimation is used to define the coal seam and its site
which are prospective to be mined under the conditions: stripping ratio (SR) or ratio of
waste volume and coal tonnage is maximized to 7:1; and total sulphur is smaller than 1%.
Ordinary kriging is applied to the properties of: borehole elevation, top and bottom
elevations of seam, seam thickness, and total sulphur. Ordinary kriging system can be
written as:
£(x,,x,) + // = r(x,,n, / = 1...JV (2.3)
l (2.4)
where Xj is the kriging weight for each points, yfxit \j) is semivariogram between two
points Xj and x; within the domain of kriging neighborhood, // is Lagrange multiplier, and
y{xitV) is the average of the semivariogram between x, and block V. The minimized
variance of the error between true and estimated values is known as kriging variance and
given by:
^=Z;^(xI'F)-y(F,F) + /W (2.5)
where y(Vy V) is average of the semivariogram between two points x, and x, sweeping
independently throughout the block V (Armstrong, 1998).
For performing kriging estimation, 2D grid (domain) is created with block size
lOOmxlOOm. There is a total 20x30 blocks which cover all the drilling sites in the study
area. Moving neighborhood is used in estimation for all the properties to delimitate the
domain of estimation where the coal seam are absent, except for the borehole elevation.
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The kriging neighborhood parameters have been optimized based on the suggestion
addressed by Rivoirard (1987). Because the elevation data are on the drilling sites, they are
used to estimate the topography in whole domain instead of digital elevation model. That is
why the application of unique neighborhood is suitable. The discretization 5x5 of each
block is considered as an appropriate technique to apply the block estimation for all
properties.
Top and bottom elevations of a seam show very similar experimental
semivariograms, and the same model is used to krige (OK) them in order to deduce
overburden and interburden estimates (*), according to the following formulas:
OB* = (borehole elevation)Ok - (top elevationMu1)OK
IB-1 * = (bottom elevation MulfK - (top elevation M1)OK
IB-2 * = (bottom elevation M1)OK - (top elevation M2)0K
IBS* = (bottom elevationM2)OK - (top elevation N1)OK
The statistics of estimated OB and IB thickness are shown in Table 2.2 where the minimum
values of OB and IB are negative. This means that the elevation of the top seam is above
the elevation of topography for the case of seam Mul (most upper seam) or above the
elevation ofbottom of the upper seam for the others.































The phenomena above definitely have no mean, which requires selecting only the
blocks with positive OB and EB thickness. The statistics of the estimated OB and IB after
this correction are shown in Table 2.3.
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in the above calculation. On completion of the stripping ratio map, the area or blocks
whose value is less than 7 are selected in order to maximize the constraint of SR to 7:1.
The statistics of estimated total sulphur are shown in Table 2.5. It is obvious that seam Nl
has no value in mining due to the high total sulphur. The estimation of total sulphur is used
for selecting the mining blocks, because only the blocks or areas which have total sulphur
less than 1% are targets of mining. By this constraint, the coal tonnage, waste volume, and
total stripping ratio are obtained and summarized in Table 2.6.













































The first problem in this study is the smallness of data amount with 37 drilling
sites in an area 2x3 km. The semivariogram is less robust because of this constraint.
Secondly, the existence of a coal seam (layer), mainly in upper seam (Mul) is problematic.
Table 2.1 showed that seam Mul was only present at 18 boreholes. Originally, in some
boreholes seam Mul disappears due to erosion, and in other boreholes it disappears locally
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Fig. 2.10. Locations of the existence of seam Mul (no square), being eroded (dashed
square), and local disappearance (solid square).
In fact, the domain where a seam (Mul) exists is not considered a priori. This can
explain why the estimated seam elevations are for instance higher than the topography
elevation. When the estimated overburden is negative, we assume that the layer does not
exist. An additional problem comes from the fact that absence of the seam at some data
points (where the elevation is not available) is not considered in where estimate the
elevation. This seems to cause inconsistencies such as estimated seam elevation being
lower than the topography at data points where the seam does not exist as identified on the
map. Conditioning seam elevation to be lower than the topography is required for the
sophisticated techniques. Otherwise, indicator kriging estimation or simulation may help to
38
solve this problem as for example Marinoni (2003) introduced the improving geological
models using a combined ordinary-indicator kriging approach.
The third problem of estimation is the existence of outliers, mainly in the
thickness of seam M2 (the three smallest values) and in the total sulphur Ml (the two
highest values). Both of them are located in the northern area and seem to belong to a
different population. In fact the influence of those outliers on the other data points is strong.
The variographic structure was changed largely when the outliers were masked. It is better
to separate two different populations if we know their boundary.
The results obtained from applying kriging estimation to coal quantity and quality
clarify that constraint on SR is not needed in this case because the total cumulative SR is
less than 7 naturally. Constraint on the total sulphur concludes that only seams Mul, Ml,
and M2 are worth being mined.
2.6. Conclusion
By using 37 borehole data in a small multilayer coal deposit, the capability of
ordinary kriging method was evaluated based on the variographics fitting, and then some
conclusions below are obtained.
(1) The smallness of data amount is problematic in estimation, because the estimation
result is less robust due to this limitation. The multivariate geostatistics such as
cokriging methods can be used to overcome the limitation of smallness data in
estimation by considering the secondary coal property with the larger number of data
and correlated spatially to the primary coal property.
(2) The existence of outliers has a strong influence in the semivariogram constructions
and finally the semivariogram without outliers is used in the estimation. Moreover, the
outliers genetically can be considered as a different population if their location is
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separated to the major data.
(3) The case study shows that ordinary kriging has a limitation when estimating the
discontinuity of layer distribution which is common phenomena in the coal deposit. As
for example, the most upper seam is commonly eroded by the topographical surface,
and some lower seams genetically could have a local disappearance because of natural
thinning or geologically structured.
(4) Kriging also does not consider the area where for example estimated bottom layer over
the estimated top layer, therefore a practical solution is indispensable to overcome the
problems. When the estimated thickness of overburden or interburden is negative, it
means that the estimated top layer of the most upper seam is over the topography
surface or the estimated top layer of the lower seam is over the estimated bottom layer
of the upper seam.
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Chapter 3
Identifying Spatial Heterogeneity of Coal Resource Quality by
Multivariate Geostatistics
3.1. Introduction
Because Chapter 2 proved the limitation of ordinary kriging for coal resource
estimation, this chapter adopts more advance geostatistical methods to identify the spatial
heterogeneity of coal resource quality for the larger and more complex deposit. This study
highlights that the exploration and feasibility studies for coal resources should consider the
depositional process of coals in a basin, the relationship to geological environments and
structures, and geological factors controlling coal geometry and quality. Although there
have been many publications on these matters (e.g., Flores and Sykes, 1996; Querol et al.,
1999; Pierce et al., 2001; Turner and Richardson, 2004), most of them do not use suitable
data analysis methods that can treat the complexity of coal data.
Geostatistics is the most capable method for this type of spatial data. Because coal
geometry and quality data are essentially multivariable, advanced geostatistical techniques
are indispensable for identifying and modeling the spatial heterogeneity of coal quality.
There are, however, few references available in the literature. Watson et al. (2001), used
geostatistics for predicting sulfur content in the Pittsburgh coal bed, and Davis and Greenes
(1983), combined principal component analysis with cokriging for estimating the
representative coal-quality properties of ash and sulphur contents and calorific value. The
study in this chapter is aimed at investigating the application of geostatistics to modeling
coal geometry and quality in a multilayer coal deposit. In addition, the relationship
between qualities and other geological features, such as diagenesis, initial sedimentary
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environment, and depositional processes, are discussed. This analysis consisted of
examining the spatial correlations of quality data, and decomposing the spatial scale
components.
The data used are seam thickness for coal quantity and the assayed contents of ash,
sodium, total sulphur, and calorific value (kcal/kg) for coal quality. The units of all quality
variables are in percentage (%). Sodium is one of the main components in ash, forming
Na2O during coal combustion. Sodium content is an important metal oxide for determining
coal behavior in boilers when coal is used as fuel for steam power generator. Large
amounts of metal oxides can make ashes melted at low temperatures. In coking coals,
sodium content should be smaller than 3% in ash because high alkalis cause high coke
reactivity (Thomas, 2003).
The spatial correlation structure of a single variable and the spatial dependency
between two variables are analyzed using the semivariogram and cross-semivariogram.
Ordinary cokriging (COK) for multivariate and ordinary kriging (OK) for single variable
are used properly depending on the clearness of that dependency. A linear co-
regionalization model (LCM) is used to characterize and decompose single and cross-
spatial structures at different scales. Moreover, factorial cokriging (FCK) is applied to
spatial estimation at different scales ranging from micro, to local to regional.
3.2. Exploratory Data Analysis
The study area, Lati Coal Mine, and its geological setting were described in detail
in Chapter 1.2. A large lineament trending NNW-SSE on the TM image depicted in Fig.
1.9 is essentially the thrust fault which delimits the Berau Sub-Basin in the west part. A
syncline is located around the middle of sub-basin and followed by an anticline in the east
part. The seam structure which is controlled by syncline is demonstrated by an E-W cross-
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Fig. 3.1. E-W cross-section around the central part of basin, which illustrates syncline
structure of coal seams (after Berau Coal, 2004).
Seams T, R, Q, and P are selected for the study targets. Although there are 15 more
minor seams that have equivalent or better quality than Seams T, R, Q, and P, they have
not been analyzed as they show poor spatial continuity. A total of 3370 samples have been
collected in the study area over the course of 20 years (1984-2003), mostly from drilling
and partly from trenching. The depth ranges of the drill and trench sampling are 1 to 150m
(30m average) and 1.5 to 6m (3m average) respectively. The average distance between
adjacent sampling points is 1350m, ranging from 4m (minimum) to 11,520m (maximum).
Seams R and Q generally contains drillhole intercepts that show sufficient thickness (see
Fig. 3.2) and spatial continuity to work with.
The distribution of the top seam, Seam T, is limited locally because of widespread
erosion. The number of drillholes penetrating Seam P is also low due to the thin nature of
the seam and local disappearance. In this study we focus on Seam R, the main target of
mining, for the multivariate analysis, with the analysis further subdivided by sub-seams RT
and RB in the top and bottom sub-units, respectively (Fig. 3.3). Table 3.1 summarizes the
basic statistics for each seam, and illustrates the differences in thickness and quality among
the seams. Only the calorific values are similar: all the seams can be classified into the sub-
bituminous rank. From the histograms of the seam thickness shown in Fig. 3.2, the
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Fig. 3.2. Histograms of the thickness of Seams (a) T, (b) R, (c) Q, and (d) P, with normal





Fig. 3.3 Compositing of Seam R to be three sub-units of Seams RT, R, and RB based on
the different quality. The thickness put in the figure is average thickness.
Because contents of ash, sodium, and total sulphur show skewed distributions, they
are transformed into logarithms to make them close to the normal distributions. A linear
correlation coefficient (p) is used to measure the degree of relationship between two
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properties. In general, there is no correlation present between the seam thickness and the
other properties: the p's are almost zero. An important feature is that ash content shows a
strong negative correlation with calorific value, especially in the top and bottom sub-units
of a seam (RT and RB), as shown in Fig. 3.4. Another notable feature is strong positive
correlation among the sodium contents over the sub-seams at the same drilling site (Fig.
3.5).
Table 3.1. Fundamental statistics of thickness and quality data in main four seams (Seams
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Fig. 3.4. Scatter diagrams between ash contents and calorific values in Seams (a) R, (b) RT,
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Fig. 3.5. Scatter diagrams of sodium contents in two coal sub-seams with regression lines
and linear correlation coefficients (R). Combinations are: (a) R and RT, (b) R and RB, and
(c) RT and RB.
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3.3. Spatial Correlation Analysis
3.3.1. Semivariogram and Cross-Semivariogram Models
For kriging estimation, semivariogram analysis is used to define and characterize
the spatial correlation structure of the data. The theory of (single-) semivariogram was
given in Chapter 2.3. In the case of two variables, the experimental cross-semivariogram is
expressed as:
h) = J772>.ta +h)-zj(O)(zJ(xa (3.1)
a=\
where a is an index for lag class h, TV is the number of increment pairs for lag h, and / andy
denote two variables. In the presence of spatial correlation, the experimental cross-
semivariogram can be modeled with a linear combination of basic functions, yu(h) at the u-
th scale and distance h:
(3.2)
where S is the number of spatial structures and by" is a coregionalization coefficient
(Wackernagel, 1986).
Directional semivariograms were constructed along four directions (E-W, N45°E,
N-S, and N45°W) for all variables using a lag distance of 200m. The experimental
semivariograms of the seam thickness can best be approximated by nested spherical (sph)






2<7, 2a,3 for 0<h<a,
= Co + C, + C2 for h > a2
where Co is the nugget component, and C\ and C2 are sills for the short and long ranges {ax
and a2), respectively. When h exceeds #i, the second term takes C\. Only the thickness of
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Seam T has a high spatial correlation at short distances, which is approximated by a
Gaussian (gems) model as follows:






= C()+C for h>a
The following equations summarize the semivariogram models of the thickness of Seams T,
R, Q, and P by Eqs. 3.3(a), (b), (c), and (d), respectively.
;Kh) = O.13///,s(h) + O.O3ga//s^ (3.3a)M ' SK ' * { 1400 950 ) { 3500 2500 J
y(h) = 0.35nug(h) + 0. \0sph(^^,^^-) + 0. \4sph(—) (3.3b)M ' 5V y ^ 1850 500 ) y 1,3000J
= 0.25m/g(h) + 0.10^// Z™"-fZ™S-\ + 0.20sph\ A45" ,-^- (3.3c)1,4600 2600 J [50 000 7000 J
= o.2Om/g(h) + ai55/7/; -Er.-r:950 450 J ^50 000 2000
Eq. (3.3a) expresses the auto-spatial correlation structure of Seam T, using a nugget
variance of 0.13 and two nested semivariogram models. The short scale structure is
modeled using a gaussian model with a variance 0.03, a long range of 1400m towards
N65°W and a short range of 950m towards N25°E. The long scale structure is
approximated by a spherical model with a variance of 0.10, a long range of 3500m towards
N45°W and a short range of 2500m towards N45°E. The other thickness models have the
same character in that the semivariograms are composed of nested structures plus nugget
variance. All the models exhibit anisotropic behavior, except for the long scale of Seam R
which is isotropic with a range 3000m. The y (h)'s of the thickness of Seams Q and P
exhibit a zonal anisotropy, showing different sills in different directions. To model this
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zonal anisotropy, the range along the direction perpendicular to the zonality was assigned a
large value (50,000m), effectively reducing the influence of variability in this orientation to
zero,
The semivariogram models of the quality variables of the four seams are
summarized in Table 3.2. These semivariogram models are based on logarithms of the
variables ash, sodium, total sulphur and the calorific value. The type of model (spherical or
gaussian) and isotropic or anisotropic (geometric or zonal) behavior depend on the variable.
An example of geometric (ellipsoid) anisotropic directions of the first structure for the
thickness of each seam is depicted in Fig. 3.6.
Concerning the cross-semivariograms models, the experimental cross-
semivariograms between seam thickness and the other variables show unclear spatial
correlation because they fluctuate around zero. For example Fig. 3.7(c) shows that the
omnidirectional cross-semivariogram between seam thickness and ash content in Seam R
is effectively unstructured, and can be best modeled using a nugget model. On the other
hand the single-semivariograms for thickness (Fig. 3.7(a)) and ash (Fig. 3.7(b)) contain
distinct structures which can be fitted using nested spherical models. Based on the
definition by Rivoirard (2003), the seam thickness and ash content are self-krigeable
variables in this case, and its spatial distribution should be estimated independently. On the
contrary, the cross-semivariograms between ash contents and calorific values in Seams RT
and RB, and the cross-semivariograms of sodium content between Seams RT, R, and RB
show clear structures. These distinct spatial dependencies between variables can be
considered the using the cokriging in estimating one variable by taking into account other
variable. Fig. 3.8 shows omnidirectional semivariograms of the ash content and calorific
value in Seam RB and their cross-semivariogram: obviously the two semivariograms share
similar trends and the negative correlation decreases with the distance.
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Fig. 3.6. Ellipsoid anisotropic of the thickness of each seam for the first structure based on
the semivariogram model summarized in Table 3.2.
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Fig. 3.7. Experimental semivariograms of Seam R data for (a) thickness and (b) logarithm
of ash content, and (c) their experimental cross-semivariogram. Curves are spherical
models of nested structure for the (a) and (b) semivariograms, and a flat line showing pure
nugget effect with zero sill for the (c) cross-semivariogram.
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Fig. 3.8. Experimental semivariograms of Seam RB data for (a) logarithm of ash content
and (b) calorific value multiplied by 0.001, and (c) their experimental cross-semivariogram
showing negative correlation. Curves in (a)-(c) are spherical models with nested structure.
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3.3.2. Linear Coregionalization Model
In addition to semivariogram analysis, the linear coregionalization model (LCM:
Rivoirard, 2003) is also important for identifying scale-dependence of spatial correlation
structure by decomposing nested semivariogram and cross-semivariogram models into
local and regional scale components. This scale is related to different ranges that are
observed in the experimental semivariogram and cross-semivariogram. For this purpose,
the ranges of local and regional scales were defined as 500m («i) and 2000m (a2),
respectively, and fixed for all the variables. These ranges were determined by considering
the adequacy of fit to the omnidirectional single and cross-semivariograms.
Table 3.3 summarizes the spatial correlation coefficients, Py(//), between co-
variables / and / at scale */ in Seams RT, R, and RB, which are calculated from the sill value,
bj", of the cross-semivariogram model between / and j and the two sill values, bu" and bjj\
of semivariogram models for / and / as:
Additionally, the LCM must satisfy the condition of being positive definite
(Wackernagel, 1986):
-fiw<b»<+Jw; (3.5)
Three scales are considered for //: (1) micro structure from zero distance to the smallest
sample spacing (20m) which is governed by the nugget component, (2) local structure from
20m to <7|, and (3) regional structure from #i to cti. As shown in Table 3.3, the co-properties
of ash content and calorific value in Seams RT and RB have a strong negative pi}{u) at the
regional scale. This can be related to the lithologic control of interbedded rocks, because
Seams RT and RB lie immediately adjacent to the waste rocks (mudstones). This
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characteristic is however not seen in Seam R which is separated from the waste rocks.
Another pair of co-properties that has strong pj,(u) at the regional scale is the ash and
sodium contents in Seam RT, although their statistical correlation is low (0.17). This
property is because the variances of the micro and local components are much larger than
the variance of the regional component. Accordingly, the spatial variability of the co-
properties of this type essentially occurs at local scales. Similar correlation characteristics
are observed in the co-properties of seam thickness and sodium content in Seam R.
Fig. 3.9 shows that the histograms of the sodium contents in Seams R, RT, and RB,
exhibit a definite bimodality, i.e., mixture of two populations. Low sodium contents
(smaller than 1%) are located generally near the basin boundary. High contents (larger than
1%) occur adjacent to the low zones on the inner side of the basin, but some are located in
the central basin as shown in Fig. 3.10. This positional characteristic causes the spatial
correlations in Table 3.4: generally strong correlations are seen for the low contents at the
micro scale, while for the high contents these are seen at the local and regional scales. Fig.
3.11 shows the omnidirectional cross-semivariograms of the low and high sodium contents
between two seams among Seams R, RT, and RB, which are modeled roughly by the
nested spherical models used in the LCM analysis in Table 3.4. This signifies that the low
and high of sodium contents in Seams R, RT, and RB have a clear spatial correlation for
each component, except for the low sodium contents in Seam RB that shows a pure nugget
component (spatial independency) in the cross-structures.
Consequently, the LCM is useful for characterizing the spatial correlation structures
of any coregionalized variables which have a relationship with the underlying geological
features.
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Table 3.3. Correlation coefficients of different combinations of co-properties in Seams
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Fig. 3.9. Histograms of logarithms of sodium contents in Seams (a) R, (b) RT, and (c) RB,
which illustrate the bimodal distribution present in all the seams.
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Fig. 3.10. Data-point locations of sodium contents in Seams (a) R, (b) RT, and (c) RB,
whose low content is smaller than 1 % (x) and high content is larger than 1 % (•).
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Table 3.4. Correlation coefficients of low and high sodium contents in two seams among
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Fig. 3.11. Omnidirectional cross-semivariograms of sodium contents used in LCM for low
values (a-c) and high values (d-f) in two sub-seams. Combinations are (a) R and RT, (b) R
and RB, and (c) RT and RB, (d) R and RT, (e) R and RB, and (f) RT and RB. Nested
spherical models are superimposed on the cross-semivariograms.
3.4. Geostatistical Estimation of the Seam Thickness and Coal Quality
3.4.1. Spatial Estimation Methods
The geostatistical method used for spatial estimation of a single variable is ordinary
kriging (OK) that the theory was discussed in Chapter 2.4. As for multivariate analysis,
ordinary cokriging (COK) is used for incorporating the spatial correlations of co-properties
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into the estimation. It is known that COK is more precise than OK and ensures consistency
in multivariate estimation (Rivoirard, 2003). The linear equation system oftraditional COK
for the case of two data sets (primary data set and its auxiliary secondary data set) is
defined as:
(3.6)
where S\ and S2 denote primary and secondary data sets, respectively; y» and ^ are
semivariograms of variables / and j\ and yjj is cross-semivariogram between / and j.
Cokriging variance can be calculated by:
-yaiyy) (3.7)
There are different forms of COK definitions such as standardized COK and simple COK
(Deutsch and Joumel, 1998), but traditional COK is demonstrated to be applicable to any
type of data set by Heriawan and Koike (2005).
A more advanced method is factorial cokriging (FCK: Pardo-Iguzquiza and Dowd,
2002), which decomposes nested structures of semivariograms or cross-semivariograms
into several k components and uses each component independently for the spatial
estimation. The difference of each component is attributable to the underlying geological
features (Pardo-Iguzquiza and Dowd, 2002). A merit of FCK is that it can generate a
cokriging estimate for any k component. For instance, the last k component at estimation
point xois given by a set of experimental data {Z,(xa), / = \,...,N\ a = !,...,/?,} and by a
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linear combination of components:
Z2Xz,(*.) (3-8)
where AMs the number of variables (properties), and/?o is the estimated regionalized factor
number. Each variable from a set of random function Z,(x) can be generated by the
superposition of5+1 spatially uncorrelated components, {Z,u(x), u = 0,...,S}.
Z,*(x)= £Z,'(x), i = \,...,N (3.9)
l=S-k+l
Here three components corresponding to the micro, local, and regional structures (A=iS^
are selected. The estimation variance in terms of covariance is given by:
!=S-k+\ j=1 ./=1 a=l /?=1 i=1 a=l /=S-Jt+1
Minimizing cr^.c/: subject to the unbiasedness condition gives rise to the following
cokriging system from which the weights are calculated:
N "j S "N
j=\ P=\ l=S-k~\
r (3.11)
The multivariate modeling using COK was focused on the sodium contents in
Seams R, RT, and RB only, because the sodium contents had the highest spatial
autocorrelations over the seam sub-units. In addition, due to the presence of high spatial
cross-correlation between sodium content and thickness in Seam R, the FCK was used to
estimate these co-properties in the regional scale.
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3.4.2. Results
The size of unit cell for the geostatistical spatial estimation was defined as
lOOmxlOOm, a dimension corresponding to the mining block size. This was discretized to
5x5 for calculation of the average value of the semivariograms between the data points and
the cell. A minimum of three and maximum of 25 data within a search radius of 1000m
were used for the estimation.
Fig. 3.12 depicts the OK estimates of the seam thickness, ash content, and total
sulphur in the four main seams. The points shown in this figure and in the following Figs.
3.13 and 3.15 represent the location of drillholes used for the estimation. Obviously, Seam
R is the thickest coal seam in the Lati area with the thickest zones occurring along the
syncline axis in the central basin, while Seam P is the thinnest, with thicknesses of less
than lm in the north and south. Spatial distributions of the ash content are featureless
except that the contents are generally lower in the top seam (Seam T). An interesting
feature of the sulphur content is that it increases with depth, with the lowest values
occurring in Seam T, while the highest are found in Seam P, especially in the north where
the seam is thin.
Fig. 3.12. Spatial distributions estimated by ordinary kriging for (a) seam thickness, (b) ash
















Fig. 3.13. Comparison of sodium content distributions in Seams RT and RB by ordinary
kriging (left column) and cokriging (right column). The maps are (a) ordinary kriging
estimation in Seam RT, (b) ordinary cokriging estimation in Seam RT, (c) ordinary kriging
estimation in Seam RB, and (d) ordinary cokriging estimation in Seam RB. Both cokriging
estimates use the sodium content in Seam R as the secondary property.
Comparisons of the estimation capability between OK and COK are illustrated by
the sodium content distributions of Seams RT (Figs. 3.13(a) and (b)) and RB (Figs. 3.13(c)
and (d)): the sodium contents in Seam R are used as the secondary variable for the COK
estimates. Although the general trends in the OK and COK estimates are almost identical,
the COK estimates improve the OK by extending the calculable area to the sparse data
zones in Seams RT and RB. This extension is due to the influence of the secondary
variable, because the data is more widely distributed in Seam R than the other seams.
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Another advantage of COK is that the spatial heterogeneity is higher, due to the lesser
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Fig. 3.14. Decomposition of spatial correlation structure of co-properties in Seam R into
micro, local, and regional scale components: (a) experimental cross-semivariogram
between thickness and sodium content and its approximation by nested spherical models,
and (b) cross-semivariogram map for the co-properties.
To illustrate the nested spatial correlation structure, Fig. 3.14(a) shows the
omnidirectional cross-semivariogram between the seam thickness and the sodium content
in Seam R, decomposed into the micro, local, and regional components. Fig. 3.14(b)
depicts a cross-semivariogram map in which the x and y axes denote the lag distances
along E-W and N-S, respectively. This map demonstrates that the continuity of both local
and regional structures trends parallel to the basin axis (NW-SE). Therefore, it is possible
that the co-spatial dependence of the thickness and sodium content in Seam R might be
related to the coal depositional process.
Fig. 3.15 depicts the same decomposition of the estimated distribution of the
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sodium content in Seam R into (a) local and (b) regional scales, and (c) their integrated
COK estimates. The thickness of Seam R was used as secondary property for the
estimation. It should be noted that the local and regional scale structures mostly coincide to
high sodium contents (larger than 1%) and low sodium contents (smaller than 1%),
respectively.
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Fig. 3.15. Sodium content distributions in Seam R produced by factorial coknging at local
and regional scales using thickness as the secondary property. The three maps signify (a)
local component, (b) regional component, and (c) ordinary cokriging estimates at total
scales. The map (d) is the thickness distribution of regional components produced by
factorial cokriging using sodium content as the secondary property.
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From Table 3.4, the sodium content in Seam R has a high negative spatial
correlation with seam thickness at the micro scale in spite of a strong positive correlation at
the regional scale. Fig. 3.15(d) shows the estimates of Seam R thickness at the regional
scale, considering the sodium content as secondary data. The estimated sodium contents of
Seam R at the regional scale in Fig. 3.15(b) range from 0 to 1.50%, which is much smaller
than the average value of sample data of 4.47% (Table 3.1). This is also observed in the
range of the estimated Seam R thicknesses (0 to 1.50m) which is much smaller than the
average sample thickness of 2.60m (Fig. 3.15(d) and Table 3.1). Consequently, at the
regional scale, low sodium contents are strongly correlated with small thickness: this is
confirmed by the similar spatial distributions shown in Figs. 3.15(b) and (d).
The most remarkable characteristic of the sodium content distribution in the COK
map is that it has a symmetrical structure harmonious with the synclinal geologic structure:
the contents are uniformly low near the basin boundary (smaller than 1%), but are high (1
to 10%) roughly along the syncline axis where Seam R is relatively thick (see Fig. 3.12a).
This feature may have been generated by the chemical composition of the pore waters.
Coals tend to be more Na rich with increasing age, as generally older coals were formed
under marine rich environments (Yudovich and Ketris, 2006). It is possible in the Lati area
that the central basin with high sodium contents was influenced by the marine environment
more strongly than the peripheral part with low sodium contents.
3.5. Discussion
3.5.1. Effects of Basin Geometry and Syncline Structure
Figs. 3.1 illustrates that the geometry of all the coal seams in the Lati area is
controlled by the synclinal structure of the basin with the axis trending N20°W. The coal
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seams dip at 9° to 13° in the south-west limb, while at 2° to 3° in the north-east limb
(Berau Coal, 2004). The steeper dips on the west side most probably originates from the
thrust fault existing at the west border ofthe Lati basin (see Fig. 1.9).
The semivariogram features and the OK estimates, particularly for the seam
thickness and the total sulphur (Table 3.2 and Fig. 3.12), demonstrate the control of the
synclinal structure on the spatial correlation structures of coal thickness and quality. The
anisotropic behaviors are shown by the geometric anisotropy of the semivariogram models,
in which the correlation length (range) varies with direction, but the variance is constant.
The direction of the longest range generally corresponds with the syncline axis (see Fig.
3.6). Another anisotropic behavior, zonal anisotropy, was found in the semivariograms of
seam thicknesses in Seams Q and P, sodium contents in Seams R and Q, total sulphur in
Seams T, R, and P, and calorific values in Seams T and R: the semivariogram models
showed either a remarkable continuity or high variability along a certain direction (see
Table 3.2). Although the continuity directions vary with the seams and the properties, the
principal direction of the zonal anisotropy also approximately trends parallel to the
syncline axis.
In addition, the semivariogram models of the seam thickness and total sulphur have
clear nested structure, the same as semivariogram of the total sulphur of Seam Ml depicted
in Fig. 2.8(b). As discussed in the Chapter 2.3, such structures can be interpreted as
signifying the presence of processes operating at different scales (Armstrong, 1998). This
difference might have an origin in the coal depositional process under variable
environments: the coals in Lati area were deposited in a transitional lower delta plain
during Mid to Upper Miocene (Widayat, 2005). The structure of the Tarakan Basin, in
which the Berau Sub-basin is located, was controlled by younger tectonics at Mid Miocene
(the third tectonic) than the Lati Formation. It was secondary controlled by the tectonic
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during Plio-Pleistocene with the maximum compressive stress along NE-SW (Berau Coal,
2004), which generated the syncline structure with the NW-SE axis in the Lati area.
3.5.2. Effects of Interbedded Rocks and Diagenetic Process
The high ash and total sulphur contents in the top and bottom sub-units of seams
such as Seams RT and RB (see their averages in Table 3.1) are caused by interbedding of
clastic lithologies within the coal seams. There are two possibilities for interpreting these
phenomena. The first is geochemical interaction during diagenetic and metamorphic
processes in the contact zones between the adjacent waste rocks and the coal seam
boundaries. The second is that some mixing of coal with mineral matters and sulphur rich
waste rocks might have occurred during collection of composite samples.
On the contrary, the sodium contents are almost constant vertically between seams
at the same location, and have clear spatial correlations as shown by the semivariograms
(Fig. 3.11). This implies that the interbedded rocks had no influence on sodium content.
Therefore, the sodium contents might have been determined by the initial components of
the coals and distributed uniformly along the vertical direction within the seam during the
syngenetic process. It is probable that the total sulphurs were formed during syngenetic
processes because their spatial distributions tend to increase with the depth from the upper
to lower seams (Seams T to P) as shown in Fig. 3.12(c). Accordingly, in the Lati area, the
older coals contain larger spatial heterogeneity in the total sulphurs.
3.5.3. Advantage of LCM and Factorial Cokriging
This study demonstrated that LCM was an essential technique for co-properties
having a significant correlation. The spatial correlations for each scale component detected
by LCM are probably related to the underlying geologic features, while a statistical
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correlation between co-properties is only relative and depends on the data support such as
the number of sample data and data-point spacing. LCM was able to decompose the spatial
structures into different scale components that were independent of each other. It was
clarified through LCM that thickness and sodium content in Seam R were highly correlated
at the regional scale, but were practically uncorrelated at the micro and local scales (Table
3.3). Thus, we can understand that the geological factors governing the large-scale
variations are common, while the factors for the micro and local variations differ for each
variable.
Factorial cokriging was proved to be effective for estimating the spatial
heterogeneity of correlated co-properties at different scales. This can contribute to filtering
out unnecessary components presented in LCM. Such components are typically associated
with inappropriate sampling, measurement error, or local anomaly at micro or local scale.
In this study, only the regional components in thickness and sodium content were identified
to have geologically meaningful spatial heterogeneity as shown in Figs. 3.15(b) and (d):
the heterogeneity must have originated from the diagenesis process under the depositional
environments.
3.6. Conclusion
Using the 3370 sampling data in a sedimentary basin including a multilayer coal
deposit, semivariogram analysis, linear coregionalization model, ordinary kriging and
cokriging, and factorial cokriging were applied to characterize the spatial heterogeneity of
coal seam geometry (thickness) and the coal quality properties of ash, sodium, total
sulphur and calorific value. By selecting the four main seams as the study target, the
following results were obtained.
(1) The semivariogram analysis clarified that the spatial correlation structures are different
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for each property, but are relatively similar within seams for the same property. Ash
content and calorific value are strongly correlated in the top and bottom sub-units in
each seam, represented by group of Seam R in this study. The strong effect of
interbedded rocks adjacent to the top and bottom sub-units of seams was identified on
these properties. On the contrary, the sodium contents have a clear spatial correlation
between all seams regardless of the position in a seam, which may be attributable to
the chemical composition of pore (saline) waters during the deposition of coal sources.
(2) The linear coregionalization model is effective for modeling the spatial correlations of
multivariate data at each scale. Although the statistical correlation between the
geometry and quality properties was small, the linear coregionalization model could
extract the hidden spatial correlation at the regional scale. The underlying basin
geometry and the syncline structure may control this correlation.
(3) Ordinary kriging is indispensable to the spatial estimations of thickness, ash content,
and total sulphur, because it can reveal the general trends easily. Where there is
significant spatial correlation between co-properties, ordinary co-kriging is more
useful to extend the estimation area by utilizing a secondary data set with wider cover
than the first data set. This merit was demonstrated by the case of the sodium contents
in Seams RT and RB.
(4) The difference in spatial heterogeneity of the sodium contents in Seam R at the micro,
local, and the regional scales proved the usefulness of factorial cokriging. Moreover,
important characteristics at the regional scale were clarified, such as the strong
relationship between low sodium contents and thin seams zones.
(5) The spatial distribution results by geostatistical techniques suggest that the thicknesses
of all the major seams were controlled by the syncline structure, while the coal
qualities chiefly were originated from the coal depositional and diagenetic processes.
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Chapter 4
Uncertainty Assessment of Coal Tonnage by Spatial Modeling of
Seam Structures and Coal Qualities
4.1. Introduction
The spatial characterization and modeling by using geostatistical methods were
discussed in the Chapter 3, and Chapter 4 will discuss the uncertainty assessment for the
coal tonnage as well as the spatial modeling of seam structures. Uncertainty assessment of
tonnage in the feasibility stage is necessary for the risk analysis of mine production. As for
uncertainty studies of coal resource and property assessments, there are recent reports by
Schuenemeyer and Power (2000) and Hohn and McDowell (2001). Costa et al. (2000)
presented a conditional simulation as risk analysis in coal, and de Souza et al. (2004)
pursued in detail capability of geostatistics for evaluating uncertainty of coal resource.
Geostatistics has been accepted to provide standard models for resource estimate and
uncertainty assessment.
This study follows the traditional use of geostatistics as the above references, but
aims at developing a procedure for the uncertainty assessment on the volume of coal
resources by kriging and simulation. Especially, coal thickness is considered as an
important factor of the uncertainty. Ordinary kriging (OK), a common spatial estimator, is
used to map the general trend of spatial distribution of coal properties. In addition, a
stochastic method, sequential Gaussian simulation (SGSIM) is adopted to generate equally
probable spatial models that provide risk assessment in defining the tonnages. The obtained
results are compared with the uncertainty provided by OK variance (standard error of the
mean) to define confidence levels. These geostatistical methodologies for resources
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assessment are applied to a multilayer coal deposit as same as the coal deposit used in
Chapter 3.
The continuity of seams structure is also examined in order to correlate it with the
uncertainty of coal accumulation. Finally, the uncertainties of coal thickness and quality


























Fig. 4.1. Borehole sites distribution superimposed on the topography of the Lati sub-basin
where a Lati River crossed the sub-basin in the east side. The scales in the map denote the
UTM coordinates in the study area from 558,000 to 568,000 m along E-W and from
244,000 to 264,000 m along N-S. The rectangle inside the location map is an area for
spatial modeling as shown in Fig. 4.9.
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4.2. Study Site and Basic Data
The geology of study area, Lati Coal Mine, was described in detail in Chapter 1.2.
Fig. 4.1 illustrates the topographic of Lati area superimposed by the borehole locations and
the presence of Lati River which crossed the Lati sub-basin in the east side. The small
rectangle in the map is an area where the spatial model of seam structure will be described
in detail in Chapter 4.3 and 4.4. This area is chosen because it has the most complete
borehole data which involves four main seams.
The basic statistics for Seams T, R, Q, and P were summarized in Table 3.1
(Chapter 3.2). However, study in this chapter involves the bottom elevation and relative
density of seams as the additional statistical parameters that is summarized in Table 4.1.
From Table 3.1 and 4.1 we have seen that only the calorific values and relative densities
are similar in each seam. Based on the calorific values, all the seams can be classified into
the sub-bituminous rank (Thomas, 2000).







































































For kriging estimation, semivariogram analysis is firstly adopted to clarify spatial
correlation structures of the data. The theory of semivariogram, y(h), of stationary and
intrinsic random variables, Z(x), was described in Chapter 2.3. Directional semivariograms
constructed along the four directions (E-W, N45°E, N-S, and N45°W) for all the variables
with lag distance 200m was described in Chapter 3.3. Semivariogram models of the seam
thickness and quality was summarized in Table 3.2, except for the semivariograms model
of bottom elevation and relative density is summarized in Table 4.2. Model type of
exponential (exp) semivariogram as shown in the second structure of bottom elevation of
Seam P is expressed by:
=c(,+cexp ^0 l-exp -a
a
for h < a
= Cn+C for h>a
Table 4.2. Summary of parameters in nested directional semivariograms for bottom

















































































In addition, omnidirectional semivariogram analysis was adopted to the relative
density of Seams Q and R. This analysis was not available for Seams T and P, because the
density was constant over the borehole data in these seams (1.30 t/m3). A detail
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clarification regarding the spatial characterization of these multivariable data based on
variographic analyzes has been addressed by Heriawan and Koike (submitted). The same
variographics analysis was conducted for the normal score data used in the simulation, and
the similar trends of spatial correlation structure to the original data were obtained. The
variographic parameters for the normal score data are summarized in Table 4.3. A noted
feature different from the original data is that the zonal anisotropy structures in the
thickness and sulphur content disappear in the normal score data.
Table 4.3. Summary of parameters in the directional semivariogram models for the normal



























































































































































































































































































4.3.2. Uncertainty Assessment by Kriging Variance
The geostatistical method used for spatial estimation of each variable is ordinary
kriging (OK) that assigns weights to the N sample data, X} (/=1, 2, ..., N): A, can be
obtained by solving the linear equation that was described in Chapter 2.4. In geostatistical
point of view, OK has been known as the best linear unbiased estimator for regionalized
variables. However, kriging estimation cannot follow the spatial variability of original data
because of an essential problem of the smoothing effect. Kriging algorithms intend at
providing the best local estimate in the least square sense, and its error termed kriging
variance. Basically the kriging variance does not consider the sample values, but only their
location. Thus the local variability is ignored. Even though kriging variance has limitation,
in the case where the data set shows symmetric distribution and is regularly sampled,
ordinary kriging variance (<?ok) can be used to approximate the error (see Eq. (2.5)).
The OK estimate is used for calculating a coal accumulation (t/m2) in each unit
block which is a product of the thickness by relative density, and <?ok for assessing
uncertainty involved in the coal accumulation. These calculations stand on the assumption
that the OK estimate is the mean of a block and the <Tok follows a normal distribution. The
uncertainty can be evaluated using the following equation by Journel and Huijbregts
(1978):
+ 2
where wA- and my are the OK estimates for thickness and relative density; om and am are
the root of kriging variances (standard deviations); pm m is correlation coefficient between
thickness and relative density; and o2mxmy is the estimation variance of the product.




where z,* is kriging estimate of coal accumulation in each block /'; om%m is standard
deviation (root of o2mxmy); and z* is the mean of z,*.
Eq. (4.2) can be linked to the global error, so, which is a total estimation error over





where zt* is the coal accumulation for block /, s(b)i is the error in block /' which is defined
as the second term in Eq. (4.2), and /; is the number of blocks. Eq. (4.3) requires
independence of the n errors. This is not satisfied for error assessment in fact, because the
estimation at a certain block shares sample data with its neighboring blocks. However, the
practical availability ofEq. (4.3) is proved by de Souza et al. (2004).
4.3.3. Uncertainty Assessment by Stochastic Simulation
A more sophisticated spatial estimator that can incorporate the spatial variability of
sample data is geostatistical conditional simulation. This simulation is aimed at producing
models at fine scales and reproducing the statistics (histogram and semivariogram) inferred
from the available data. It can condition to the known data points and honor the spatial
continuity that is modeled by the semivariogram or covariance. This also avoids the
undesirable smoothing effect. A superiority of simulation over spatial estimators is that it
can generate multiple equiprobable realizations, all reasonably matching the same sample
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statistics and identifying the conditioning data (de Souza et al., 2004). The set of
alternative realizations provides a visual and quantitative measure of the space of
uncertainty, which then can be used to define confidence level in risk analysis and decision
making. This study adopts sequential Gaussian simulation (SGSIM) that is the most widely
used algorithm because of its simplicity.
According to Deutsch and Journel (1998), the conditional simulation of a
continuous variable z(x) of a zone A modeled by a Gaussian-related stationary random
function (RF) Z(x) proceeds as follows:
1. Determine the univariate CDF (cumulative distribution function) Fz(z) representative
of the entire study area and not only of the z, sample data available.
2. Using the CDF Fz(z), perform the normal score transform of z data into y data with a
standard normal CDF.
3. Construct experimental semivariogram using normalized y data and in the fitting model,
the nugget constant and sill should add to 1.
4. Proceed the sequential simulation by:
- Define a random path that visits each node of the grid once. At each node x, retain a
specified number of neighboring conditioning data including both sample y data
and previously simulated grid node j> values.
- Use kriging algorithm with the normal score semivariogram model to determine the
parameters (mean and variance) of the CCDF (conditional cumulative distribution
function) ofthe RF Y(x) at location x.
- Draw a simulated value y(l\x) from that CCDF.
- Add the simulated valueyil\\) to the data set.
- Proceed to the next node, and loop until all nodes are simulated.
5. Back transform the simulated normal values {yil\x), x e A} into simulated values for
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the original variable {z(/)(x)=(p"10^(/)(x), x e A}.
6. If multiple realizations are desired (z(/)(x), x e A}, / = 1, ..., I, the previous algorithm
is repeated L times.
One hundred realizations were generated by SGSIM for seam thickness and
specific density at each block to build 100 possible scenarios of coal accumulation. Coal
resource of each seam can be evaluated by coal tonnage that is the sum of coal
accumulations multiplied by the total calculation area. Using the simulation result, the
changeability of coal tonnages was determined for the four seams.
4.3.4. Seam Structure Modeling
Accurate geological modeling of a coal deposit is indispensable at exploration
stages and feasibility study. In exploration, a preliminary geologic model of coal is used to
extend the exploration pattern and essentially to specify the main target of coal seams.
Then this model is improved to a more detailed model and used in feasibility study to
estimate the coal resources for aiming at coal reserves assessment. In this stage, the
economic prospect of coal resources is considered significantly. In general, the coal
resource evaluation is based on both coal geometry and qualities. A spatial correlation
between the two factors is essential to judge the spatial variability of coal properties, which
contributes to delimitate the prospective area of coal mine. As the viewpoint by Attanasi
(2001), coal assessments should include the spatial distribution of coal bed characteristics
and the ability to allocate parts of the resource to specific mining technologies.
The seam structure modeling in this chapter stands on three-dimensional
optimization and simulation method (OPTSIM) which was proposed by Koike et al. (2001)
and Koike and Matsuda (2005). This method is analogous to the minimization problem of
mechanical potential. Before applying OPTSIM, a binary transformation of seam code into
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0 or 1 is required. There are five rock types in total in this study, which are composed of
the four coal seams and all non-coal lithology (waste rock). The waste rock code is first
used as a criterion for this transformation: all sample data are transformed into 1 if its code
is equal to waste rock, otherwise is 0, then OPTSIM interpolates the resultant indicators.
This binary transformation and interpolation are repeated successively. Let the interpolated
value at grid point, ijk, and for rock code, /, be £%* (0 < g(V< 1; / = 0, 1, 2, 3, 4: 0 is
waste rock and the others are Seams P (1), Q (2), R (3), and T (4)). The /* that maximizes
the g{t)ijk is selected as the rock code at ijk, because /* at ijk is assumed to be the highest
likelihood on the basis of the rock-code distribution around ijk. The concept and
mechanism of this method is illustrated in Fig. 4.2.
2 3
Rock code
Fig. 4.2. Setting of cubic mesh over the calculation area containing the sample data and
conceptual graphs of interpolated values of the rock codes at each grid point. The rock
code hatched in the graph, which is given to the largest interpolated value, is selected at
each at grid point (modified after Koike et al., 2001).
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4.4. Result and Discussion
4.4.1. Comparison between OK and SGSEV1 Methods in Uncertainty Assessment
OK estimate was conducted using unit block size of lOOmxlOOm for the seam
thickness and relative density with implementation of 1000m searching radius from sample
data. As an overview of the OK estimates for the four seams, Figs. 4.3(a) and (b) represent
the block model of coal accumulations and the estimation errors based on the OK variance,
respectively, which are overlapped with the topography. A common characteristic is
observed in that coal accumulations are large in the western side from or along the syncline
axis. The most asymmetrical coal accumulation is seen in Seam T whose accumulations
increase toward the western boundary. Because Seam T is the top seam in the Lati area, its
distribution may be affected by erosion process after the coal deposition. The coal
accumulation pattern of Seam T signifies that the erosion process extensively occurred
toward the east, which is proved by the presence of Lati River as shown in the lowest level
area in Fig. 4.1. In Seams R and Q, the coals are highly accumulated around the middle
zone where the seams are relatively thick. Seam P shows the largely biased coal
accumulations: high zones are concentrated in the west part only, while low zones extend
in the other zones.
In Fig. 4.3(b), the estimation errors in Seam P are shown except for the north part
where the errors are extremely large because of the small spatial density of the sample data
and also the minute thickness of the seam (0.20m at most). The distributions of the
estimation errors represent the uncertainty of coal accumulation in each estimate block as
defined by the second term of Eq. (4.2). Using the estimation errors at each block, the
global error is then calculated by summing the errors multiplied by the coal accumulations
following Eq. (4.3). Table 4.4 shows the result with the coal tonnages and their global
errors for each seam. It is clarified that Seam R has the largest tonnage, and the global
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Fig. 4.3. (a) Estimated coal accumulations for four major seams by OK method, and (b)
their error distributions based on OK variance.
Next, the SGSEM results are drawn in Fig. 4.4(a) that is one example of the
simulated coal accumulation at the 50th realization, and Fig. 4.4(b) that is the average of
100 realizations. Although the coal accumulation distribution at one realization is spatially
scattered than the OK results in Fig. 4.3(a), noteworthly, the average of the simulation has
similar trend with the OK.
Table 4.4. Coal tonnages of four seams by OK method and their global








































Fig. 4.4. (a) Coal accumulation distributions of four major seams at 50th realization by
SGSIM method, and (b) averages of 100 realizations.
Fig. 4.5 shows histograms of the 100 realizations of coal accumulation by SGSIM,
which approximately follow normal distribution. The tonnage variability (uncertainty) can
be determined as confidence limits by calculating the differences between minimum and
maximum values in relation to the mean (in percentage) from the histogram. These values
and the average coal tonnages of the four seams are summarized in Table 4.5. The tonnages
obtained from OK and SGSIM are equivalent roughly, while the tonnage variability by the
simulation is largely different from the kxiging variance. As the same with the OK variance
in Table 4.4, the tonnage variability of Seam P is the largest: however, the variability is
much smaller than the OK variance. There are two possibilities for the cause of this
difference. First is that the OK variance is highly sensitive to the smallness of spatial data
density, which can be confirmed in the extremely large variances in the northern part of
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Seam P. The uncertainty derived from the simulation is based on enough numbers of
realizations, which can reduce the effect of the bias of the data density. Second is that the
large variation in the thinness data of Seam P in the northern part caused a high global
error in OK estimate: SGSIM can follow the variation and therefore, the uncertainty
becomes small.
(a) 25
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Fig. 4.5. Histograms of 100 realizations for coal tonnage of Seams: (a) T, (b) R, (c) Q, and
(d) P obtained by SGSIM.
Table 4.5. Coal tonnages of four seams by averaging 100 realizations of
SGSIM method and their standard errors based on the histogram ranges of























It can be concluded that, from the similarity of general trends, OK and SGSIM are
both effective for estimating coal tonnage and its global uncertainty. To be precise, SGSIM
is superior than OK in that it can decrease the uncertainty by multiple equiprobable
realizations which can reduce the effects of sample location, data variation, and smoothing
effect.
4.4.2. Spatial Continuity of Seam Structure
In spite of the effectiveness of OK and SGSIM for the tonnage assessment as
demonstrated above, there is a common problem that, in principle, they stand on the
continuity of seam inside the searching radius, and cannot incorporate the local uncertainty
on the seam structure. Heterogeneity of the seam structure should also be considered in the
coal tonnage assessment, which is the next examination with OPTSIM. The unit grid size
used for the seam structure modeling was set as 100m, 100m, and 0.5m along the x, y, and
z axes respectively: the target elevation range is from +100 to -100m based on the sea level.
As the result by OPTSIM, Fig. 4.6 draws a perspective view of the four seams
structures in the middle study area along E-W (see the rectangle in Fig. 4.1). The reason
for choosing this zone is that it contains the deepest drillhole set which penetrated the four
seams. This figure clearly shows that the coal seams are discontinuous due to the local
disappearance and thinning, and also that a seam separates into several sub-layers in
places: this phenomena is termed layer splitting. Such local disappearance and seam
splitting are ordinarily occurred in multilayer coal deposits as noted in Thomas (2003).
However, they are hardly expressed by geostatistical modeling.
Correctness of the OPTSIM seam models can be confirmed from the spatial
characteristics that correspond with the correlation structures appeared in the
semivariograms. The semivariogram models in Table 3.2 signify that the bottom elevations
85
of Seams T and P have relatively high continuity because they are approximated by
Gaussian model (Seam T) and a combination of Gaussian and exponential models (Seam
P). According to the OPTSIM model, Seams T and P are more continuous than the other
two seams (R and Q): these continuities extend 1 to 2km at most, which are similar to the
ranges of bottom elevations. In addition, this model also confirms the local erosion of
Seam T as inferred from the coal accumulation map in Fig. 4.3(a).
Fig. 4.6. Perspective view of seam structure models obtained by OPTSIM method in the
rectangle area in Fig. 4.1.
The OPTSIM model can be extended to quantify uncertainty degree of seam
structure. The maximum uncertainty degree is assigned to 1, which means the absence of
seam due to local disappearance or thinning. This uncertainty degree, U(x), decreases with
the increase of seam thickness at location x, f(x): this thickness is normalized by vertical
grid interval and therefore, /(x) is the number of grid points along the depth direction at





Fig. 4.7 compares the uncertainty degree of each seam with the estimation error of
coal accumulation obtained by OK variance for the same area as Fig. 4.6. It is noteworthy
that the uncertainty degree coincides with the estimation error in general: when the
uncertainty degree is large, the estimation error is also large. Obviously, Seams T is splitted
in the middle zone as indicated by the uncertainty degree close to 0. Such low uncertainty
zones due to splitting are seen in the western side of Seams R and P, and eastern side of
Seam Q. The estimation errors tend to be low at these zones. The absence of seams is
mainly caused by the thinning feature, because the uncertainty degree approaches
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Fig. 4.7. Distributions of uncertainty degree of seam presence based on the OPTSBVI model
in Fig. 4.6, which are compared with the estimation errors of coal accumulation through
OK variance for Seams: (a) T, (b) R, (c) Q, and (d) P.
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Moreover, relationship between the uncertainty degree and the estimation error is
illustrated in detail in Fig. 4.8 for single layer, Seam R along an E-W section at>> 254,500
(see Fig. 4.6). This section was chosen because it contains the sample data that mostly
cover the four seams within the same location. As for the uncertainty of coal accumulation,
the estimation errors tend to be large in accordance with the locations of Seam R absence
(uncertainty degree 1) in the ranges of x coordinates: 560,600 to 560,900; 562,750 to
563,500; and 564,450 to 564,550. On the contrary, the estimation errors are small when the
seams are splitting as seen in the ranges of x coordinates: 561,250 to 562,000 and 564,100
to 564,300.
> 0.5
561 000 562 000 563 000 564 000
w
Fig. 4.8. Cross-sections of Seam R structure modeled by OPTSIM along E-W followed by
the uncertainty degree of its presence and the estimation errors of coal accumulation by
OK. See Fig. 4.6 for the position of cross-section (y 254,500).
4.4.3. Spatial Variability of Coal Qualities Related to the Geological Process
Geological process such as sedimentation, faulting, and folding must be an
important factor controlling coal qualities. The estimation and simulation results obtained
for the multilayer coal deposit can provide information on how the geological process in
the Lati area determined the coal qualities. From this viewpoint, in addition to the
uncertainty assessment of coal accumulation and tonnage, bottom elevation of seam, ash
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Fig. 4.9. OK and SGSIM estimates results showing spatial variability of thickness of
Seams: (a) T, (b) R, (c) Q, and (d) P, along an E-W cross-section superimposed on the
sample data within 100m distance from the section. The locations of cross-sections in Figs.
4.9, 4.10, and 4.11 are the same as Fig. 4.8.
As an example of the modeling results, Fig. 4.9(a), (b), (c), and (d) depicts the
estimated and simulated seam thicknesses overlapped with the sample data for Seams T, R,
Q, and P, respectively along the same E-W section as Fig. 4.8. It can be observed that the
estimated and simulated values are almost equivalent: this characteristic can be adopted to
Figs. 4.10 and 4.11. The sample (original) data within 100m distance (left and right sides)
from the section were plotted. In spite of the small distance, the data values are highly
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scattered. Although the OK and SGSIM results do not follow such variability, as noted in
the seam modeling by OPTSIM, they can clarify the general trend. Common to the four
seams, the seam thickness tends to increase toward the basin center and decrease toward
the basin boundaries that are near the syncline limb. This decrease phenomenon was
probably associated with the folding under the regional deformation stress. The similar
feature and interpretation are seen in Jakeman (1980) for the relationship between







Fig. 4.10. OK and SGSIM estimates results showing spatial variability of bottom elevation
of Seams: (a) T, (b) R, (c) Q, and (d) P, along an E-W cross-section superimposed on the
sample data within 100m distance from the section.
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Fig. 4.10 is the spatial variability of the bottom elevation along the same cross-
section as Fig. 4.9, which highlights the asymmetric syncline structure in that the slope is
steeper in the western side than the eastern side. This is because of the effect of thrust fault
presents in the west area (see Fig. 1.9). In general, the dips of bottom elevation increase
from the upper toward the lower seams along the west limb. Thus, Seam P seems to be



















Fig. 4.11. OK and SGSIM estimates results showing spatial variability of ash content in
Seams: (a) R and (b) Q, and total sulphur in Seams: (c) R and (d) P, along an E-W cross-
section superimposed on the sample data within 100m distance from the section.
As for the coal qualities shown in Fig. 4.11, the ash contents of Seams R and Q are
generally high in the central of basin, while low in the basin boundary. The total sulphur of
91
Seams R and P have the trend contrary to the ash contents. The increase of ash content can
be interpreted as being attributable to the high concentration of mineral matters, which
could have occurred by gravitational settling during the sedimentation process. The
mineral matters in general originated from clay minerals or carbonates in the parting layers.
Moreover, the total sulphur regionally increases toward the syncline limbs (the east and
west boundaries), in other word, towards the sediments source area. This phenomenon may
be caused by a source rock control on the sulphur content of the coals, as similarly
discussed in Turner and Richardson (2004). The estimated and simulated ash contents of
Seam R and total sulphur of Seam P in Fig. 4.11 show a slight different of the range values,
which probably due to the high scattered of original data.
In addition, the geologic interpretation of coal depositional process and local
deformation is depicted in Fig. 4.12. The first process shows the origin of sub-basin with
sedimentary deposition included coal seams as shown in Fig. 4.12(a). This figure describes
how the mineral matter coming from the sedimentary source and then by the effect of
gravitational settling, the matter whose higher density is accumulated around the centre
part of sub-basin. This interpretation supports the spatial distribution of ash content shown
in Figs. 4.11 (a) and (b). By uplifting stress (Fu), the sedimentary sub-basin is uplifted to
the plane position as shown in Fig. 4.12(b). Then by other compression stress (Fc) from the
horizontal direction, the sub-basin is folded into anticline and syncline. Fig. 4.12(c)
illustrates the syncline where the stress (Fc) around the limb is higher than around the
syncline axis, therefore the seam thickness decreases toward the limb of syncline as shown
in Fig. 4.9. Moreover, the same tension causes the dip of sedimentary layer increases
toward the deeper layer as also represented in Fig. 4.10. The tension in the syncline limb
might cause a fault when the rock stress is over the critical condition. A thrust fault
illustrated in Fig. 4.12(c) increased the dip of layer in the limb where the fault occurred, as
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Fig. 4.12. Geologic interpretation on coal depositional and local deformation: (a)
interpretation on why the spatial distribution of ash content is higher in the central of sub-
basin, (b) the position of sub-basin after uplifting by Fu in Fig. 4.12(a), (c) the sub-basin is
folded into syncline by the compression stress (Fc) in Fig. 4.12(b), then the stress (Fc) are
higher in the syncline limbs which causes the decreasing of seam thickness, and (d) a thrust




This study performed variographic analysis, ordinary kriging, sequential Gaussian
simulation, and three-dimensional optimization method to evaluate the coal accumulations
and tonnages and their uncertainty with considering three-dimensional seam structure. By
selecting the four major seams in the study area, the following results were obtained
chiefly.
(1) Although ordinary kriging (OK) and sequential Gaussian simulation (SGSIM) were
different approaches, they lead to the equivalent spatial trends of the coal
accumulations and also the similar values of coal tonnages for all the seams. Common
to all the seams, the coal accumulations were large in the western side from or along
the syncline axis. The differences of coal tonnages of Seams T, R, Q, and P between
the OK and SGSIM were just 1.5%, 0.4%, 0.4%, and 6.2%, respectively. As for the
uncertainty of the coal tonnage, SGSIM could decrease it by reducing the effect of
bias in sample data location on the spatial estimation.
(2) The uncertainty of the coal tonnages was the largest in the lower seam, Seam P, due to
thinness of the seam in addition to the effect of data locations and data values
variability. This thinness might originate from the frequent changes of the coal
depositional environments, because the data of thin Seam P were located around the
boundary of sedimentary basin.
(3) Discontinuous seam structures including splitting into several sub-seams and local
disappearance could be estimated by OPTSDVI that is based on a combination of the
binary transformation and three-dimensional interpolation of the geologic data. For
all the seams, the uncertainty degrees of presence of seams by OPTSEVI coincided
with the estimate errors calculated from the OK variance. The absence of seams in
places was considered to be mainly caused by seam thinning, not by fault, because the
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uncertainty degrees changed gradually.
(4) From the geostatistical modeling of the thickness and bottom elevation of the seams,
their variability was probably controlled by the deformation process ofthe thrust fault
and the syncline structure, because the general trends of the thickness and bottom
elevation followed the geological structures. On the other hand, the coal depositional
process and source materials are the most plausible factors that caused the spatial
heterogeneity ofthe coal qualities such as ash content and total sulphur.
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Chapter 5
Correlating Spatial Model of Coal Qualities with the
Microstructures Detected from CT-Image Analysis
5.1. Introduction
The spatial modeling of coal resource qualities was performed in Chapter 3, and the
uncertainty assessment of coal tonnage as well as seam structures modeling and local
geological model was discussed in Chapter 4. Then this chapter will focus on coal
characterization as a natural material by using X-ray CT scanner and discuss its
relationship to the coal qualities and local geological structures.
X-ray CT (computed tomography) is a non destructive technique that is composed
of taking a set of X-ray radiographies (named as cross-sections or slices) and
reconstructing the 3D internal structure from the slices (GeoX Center, 2006). X-ray CT is
not a direct measurement because the slices are reconstructed with algorithm based on a
back projection process of X-ray attenuation measurement at different angles. X-ray CT is
a 3D measurement technique. When slices are visualized, they are classical images
composed of a matrix of pixels (2D). In fact, a slice represents a finite thickness of the
object and is composed of voxel (extension in 3D of a pixel). X-ray CT has been utilized
extensively for geosciences application as addressed by Mees et al. (2003) and Otani and
Obara (2004). Specifically, Van Geet (2001) introduced the application of microfocus X-
ray CT for coal characterization, essentially for coal component and fractures.
This study uses the technique to measure the coal samples (bulks and cores),
aiming at detecting the distribution of coal microstructures inside the samples which can be
categorized as: principal coal components, impurity materials, and microfractures.
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5.2. Material and Method
5.2.1. Coal Samples and X-Ray CT Scanner
The coal samples were taken from Lati Coal Mine at East Kalimantan, Indonesia
where the geology was discussed in Chapter 1.2. The study site is situated in an area of
12x8 km elongated to NWN-SES direction and involved in geological structures of
syncline and thrust fault. The target for this study is Seams T, R, and Q from the upper to
the lower sequence. Three bulk samples were taken from the mine front for each seam
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Fig. 5.1. The sampling location and outcrop of the major seams in the study site. Note the
presence of a syncline structure in the central part of area with the principal axis ofNWN-
SES direction. The dot rectangle in the map is a target area for spatial modeling shown in
Fig. 5.13.
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The ash content and total sulphur of the top and bottom sub-units of seam were
relatively higher than the middle sub-unit. Therefore we took nine bulk samples from the
mining front, and six core samples for each roof, middle, and floor of Seams R and Q. For
the sampling on coal bulks, the orientation of samples position (azimuth) was considered,
but for the coal cores, the depth was only considered (see Fig. 5.2). Specification of the
samples including position, location, and their qualities are summarized in Table 5.1. The
seam thickness and qualities summarized in Table 5.1 is derived from the secondary data
that are the closest borehole data to the sampling location. Table 5.2 summarizes the
scanning parameters and specification used for measurement.
Fig. 5.2. (a) Bulk sample of top Seam T, (b) bulk sample of top Seam Q, and (c) core
sample of middle Seam R, used for X-ray CT scanning. The diameter of inner ring in plate
is 150mm.
The industrial X-ray CT scanner installed in Kumamoto University was
manufactured by the Toshiba Corporation and used up to 300kV X-ray tubes. The detail
about machine is given in Toshiba IT and Control Systems Corporation (2002). In this
apparatus, the collimated X-ray beam is moved around the circumference of the specimen
by rotating and translating the specimen table. The data is processed and the cross sectional
images are reconstructed using an engineering workstation. Based on the linear attenuation





where ja is the X-ray attenuation coefficient of an object and /iw is the X-ray attenuation
coefficient with respect to water. The CT-value of air should be -1000 because the
coefficient of absorption for air is zero. Similarly, the CT-value for water is 0. Therefore,
the relationship between CT-value and bulk density (pd) can be expressed by:
CT-value =1000(pd - l) (5.2)
Table 5.1. Sample type and location associated with the seam thickness and qualities. The
high values over average are marked by gray.
Sample
CT-Ola: Bulk Seam T (top)
CT-Olb: Bulk Seam T (middle)
CT-Olc: Bulk Seam T (bottom)
CT-02a: Bulk Seam R (top)
CT-02b: Bulk Seam R (middle)
CT-02c: Bulk Seam R (bottom)
CT-03a: Bulk Seam Q (top)
CT-03b: Bulk Seam Q (middle)
CT-03c: Bulk Seam Q (bottom)
CT-04a: Core Seam R (roof)
CT-04b: Core Seam R (middle)
CT-04c: Core Seam R (floor)
CT-04d: Core Seam Q (roof)
CT-04e: Core Seam Q (middle)
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Image analysis and processing in this study were performed by using ImageJ®, a
public domain Java image processing program inspired by U.S. National Institutes of
Health (Rasband, 1997-2007). The pixel values in 16-bit raw images resulted from X-ray
CT scanner represents the CT-values. In general, the dark colors in CT-image express the
less attenuation than the parts in image whose colors is bright. Therefore an adjusting on
brightness is indispensable to emphasize the image contrast. In addition, a thresholding is
necessary to extract the edge of sample and microstructures.
5.2.2.1 Brightness/Contrast
This tool can be used to alter interactively the brightness and contrast of the active
image. With 8-bit images, the brightness and contrast are changed by updating the image's
look-up table (LUT), consequently the pixel values are unchanged. With 16-bit and 32-bit
images, the display is updated by changing the mapping from pixel values to 8-bit display
values, thus pixel values are also unchanged. Brightness and contrast of RGB images are
changed by modifying the pixel values.
ImageJ displays images by linearly mapping pixel values in the display range to
display values in the range 0-255. Pixels with a value less than the minimum are displayed
as black and those with a value greater than the maximum are displayed as white. There are
four sliders. Minimum and Maximum control the lower and upper limits of the display
range. Brightness increases or decreases image brightness by moving the display range.
Contrast increases or decreases contrast by varying the width of the display range. The
narrower the display range, the higher the contrast. As for example, Figs. 5.3(a) and (b)




Fig. 5.3. (a) A2D slice raw CT-image of bulk sample of bottom Seam Q, (b) the image
after brightness/contrast adjusting, and (c) the image after thresholding that shows
obviously the microfractures and the presence of cupping effect. A-B is the section line for
profiles shown in Fig. 5.8.
5.2.2.2. Threshold
This tool is used to set the lower and upper threshold values interactively,
segmenting the image into features of interest and background. Pixels with brightness
values greater than or equal to the lower threshold and less than or equal to the upper
threshold are displayed in black. An example of the threshold adjusting based on the
histogram is depicted in Fig. 5.4. Fig. 5.3(c) shows the image after thresholding which can
obviously focus the microstructures from the background. Quantification on
microstructures needs more advance image processing, especially the edge detection
algorithm which is discussed in the sub-chapter 5.2.2.5.
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By the thresholding image, some coal samples show the presence of black spots
around the center part of image which indicates the lower CT-values than in the edges of
object (see Fig. 5.3(c)). This feature is termed as "cupping" effect which is kind of beam
hardening artifact and it can changes the CT-values (GeoX Center, 2006).
Fig. 5.4. The panel of threshold adjuster used in ImageJ (Rasband, 1997-2007).
The cupping effect can hide some interest zones which is not good for qualitative
analysis. In addition, the same material can be represented with different CT-values in the
different zones of object which includes kind of errors in the quantitative analysis. There
are some techniques can be performed during sample measurement (hardware filtering) to
avoid or reduce the beam hardening artifact. The most recent technique termed dual-energy
method is proven effective to correct the artifacts and improve the quantitative analysis
(Remeysen and Swennen, 2006). This study does not perform such kind of hardware
filtering, but rather trying to perform kind of software filtering. One of software filtering to
remove the cupping effect was introduced by Mott et al. (1985) by correcting the pixel
values for the brain images. The proposed filtering used in this study is "unsharp mask"
which is kind of high pass filtering for sharpening the images, combined with the mean
filtering for smoothing the result.
5.2.2.3. Unsharp Mask Filtering
Unsharp masking subtracts a blurred copy of the image and rescales the image to
obtain the same contrast of large (low-frequency) structures as in the input image. This is
103
equivalent to adding a high-pass filtered image and thus sharpens the image. A radius of
filtering is the standard deviation (blur radius) of the Gaussian blur that is subtracted. A
mask weight determines the strength of filtering, whereby mask weight equal 1 would be
an infinite weight of the high-pass filtered image that is added.
The unsharp mask filter is a simple sharpening operator which derives its name
from the fact that it enhances edges (and other high frequency components in an image) via
a procedure which subtracts an unsharp, or smoothed, version of an image from the
original image (after Hillen). Unsharp masking produces from an input image J[\, y) an
"edge image" g{\, y) in the following way:









Fig. 5.5. Calculating an edge image for unsharp filtering (Fisher, 2000).
Fig. 5.5 demonstrates the operation of unsharp masking filter. The edge image g(x, y) can
be used for sharpening if we add it to the original image, as shown in Fig. 5.6. Thus, the
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complete unsharp mask sharpening operator is illustrated in Fig. 5.7 and defined as:
/sharpie y) =J[x, y) + s*g(x, y)
where ^ is a scaling factor (in ImageJ: "Mask Weight") controlling the intensity of
sharpening (reasonable values for s vary between 0.2 and 0.7, larger values provide an
increasing amount of sharpening). In ImageJ/w,loor*(x, y) is created by a "Gaussian Blur"
filter with selectable radius (increasing the radius results in additional sharpening). The
Gaussian blur filtering is discussed in the next sub-chapter.
Sharpened signal





Fig. 5.7. The complete unsharp filtering operator (Fisher, 2000).
The CT-profile depicted in Fig. 5.8(a) is the result after unsharp mask filtering and
mean filtering, compares to the original CT-profile after mean filtering. The sharpening
values seem more scattered than the original ones, but the trend due to cupping effect still
remains. To remove this trend, the original values are subtracted from the sharpening
values which results the corrected CT-values fluctuates around 0. Then this result is added
to 200 as the average original CT-values around the edges of object to obtain the final
corrected CT-values (see Fig. 5.8(b)). Thus this filtering technique seems to be effective to
remove the trend due to the cupping effect.
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Fig. 5.8. (a) The overlying CT-profile of the mean original values (black lines) and the
mean sharpening value (red lines), (b) the result of cupping effect correction by subtracting
the mean original values from the mean sharpening values (black lines), then adding the
result to 200 as the average CT-values around the edges of object. The filtering is
performed in radius 20x20 pixels. The position of profiles in the image is shown in Fig.
5.3(c).
5.2.2.4. Gaussian Blur
This filter uses convolution with a Gaussian function for smoothing. The radius of
filtering is the standard deviation sigma of the Gaussian. Like all ImageJ convolution
operations, it assumes that out-of-image pixels have a value equal to the nearest edge pixel.
This gives higher weight to edge pixels than pixels inside the image, and higher weight to
corner pixels than non-corner pixels at the edge. Thus, when smoothing with very high blur
radius, the output will be dominated by the edge pixels and especially the corner pixels.
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5.2.2.5. Edge Detection by Canny-Deriche Algorithm
The Canny-Deriche algorithm is kind of filtering for edge detection. A parameter
controls the degree of smoothing applied; the default value is 1.0, greater values imply less
smoothing but more accurate detection, lower values imply more smoothing but less
accurate detection. A non-maximal suppression is then performed to get thin edges. The
angle of the edges can also be displayed. The Canny operator was designed to be an
optimal edge detector. It takes as input a gray scale image, and produces as output an
image showing the positions of tracked intensity discontinuities.
The Canny operator works in a multi-stage process. First of all the image is
smoothed by Gaussian convolution. Then a simple 2-D first derivative operator is applied
to the smoothed image to highlight regions of the image with high first spatial derivatives.
Edges give rise to ridges in the gradient magnitude image. The algorithm then tracks along
the top of these ridges and sets to zero all pixels that are not actually on the ridge top so as
to give a thin line in the output, a process known as non-maximal suppression. The
tracking process exhibits hysteresis controlled by two thresholds: 71 and 72, with 71 > 72.
Tracking can only begin at a point on a ridge higher than T\. Tracking then continues in
both directions out from that point until the height of the ridge falls below 72. This
hysteresis helps to ensure that noisy edges are not broken up into multiple edge fragments
(after Fisher, 2000). The detail theory and computation of this edge detector is given in
Canny (1986).
5.3. Result and Discussion
As the average bulk density of coal samples in the study area is 1.3 g/cm , then
according to Eq. (5.2) the CT-value of coal component is around 300. Part of coal
component whose CT-value is significantly smaller or larger than 300 should be related to
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impurity materials. According to Van Geet (2001), the principal components of coal termed
maceral can be divided into three groups: vitrinite (/?d=1.3 g/cm3), liptinite (/?d=<l-3 g/cm3),
and inertinite (/?d=l-6 g/cm3). From the field investigation and the study by Widayat (2005),
the possible impurity materials or minerals in this coal samples are: pyrite (/?d=4.8-5.0
g/cm3), carbonate minerals (pd=2.71-2.85 g/cm3), silica (/?d=2.60-2.65 g/cm3), clay
minerals (/?d=2.6-2.8 g/cm3), and resin (pd=0.43-0.45 g/cm3). The bulk density for each





Fig 5.9. (a) CT-image for bulk sample of the bottom Seam T with two existing natural
microfractures infilled by impurity materials, (b) enlargement of the inclusion of an
impurity material which is assumed as silica with diameter around 5mm, and (c) a CT-
value profile along A-B showing the contrast of CT-values between the impurity materials
and the principal coal component.
An example of the inclusion of impurity material in bottom Seam T is depicted in
Fig. 5.9(a) for the whole area of image and Fig. 5.9(b) for the enlargement area. While the
CT-profile plotted in Fig. 5.9(c) highlights the difference CT-values between the impurity
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materials and the principal coal component after removing the cupping effect and
smoothing using the mean filter in the radius of 10x10 pixels. In addition, Fig. 5.9(a)
shows the presence of a pair of natural microfracture whose aperture varies from 8.78 to
24.51mm with the directions of N49.80°E and N77.60°W respectively, and they were
infilled by the same impurity material in some parts. A part of the natural microfractures
shown in Fig. 5.9(a) seems to be bended to the NNE direction which may be caused by the
occurrence of secondary local deformation in the study site.
From the image processing, generally the natural microfractures could be divided
into two groups with different orientation, NEE-SWW and NWN-SES: the latter certainly
corresponds to the principal axis of syncline structure in the study area. The aperture of
microfractures varies from 0.4 to 0.7mm. The natural microfractures in Seams T and R are
mostly infilled by impurity materials with high density in some parts (see Fig. 5.9(a) for







Fig. 5.10. (a) CT-image of a 2D slice of top Seam Q after thresholding to extract the edge
and microfractures, (b) enlargement of microfractures, and (c) the result after edge
detection using Canny detector.
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The natural microfractures in Seam Q are generally infilled by materials with low
density and probably high permeability. Seam Q also presents some artificial
microfractures with irregular shape and small CT-value less than 0. Fig. 5.10(a) shows the
artificial microfractures in the top Seam Q due to the brittleness of coal sample. Fig.
5.10(b) depicts an enlarging of microfractures shown in Fig. 5.10(a) after thresholding,
while Fig. 5.10(c) shows the edge of microfracture detected by using a Canny detector.
Quantitative analyzes on the microfractures can be performed properly after the edge
detection. As for example, the aperture of artificial microfracture shown in Fig. 5.10(c)
varies from 0.26 to 0.86mm with the main direction ofN54.46°W.
30mm
30mm
Fig. 5.11. (a) 3D model of bulk sample of the top Seam R which shows up the parallel
microstructures and (b) the corresponding threshold image of 2D slice. The shorter
microfracture (down side) looks to be bended which may be due to the secondary local
deformation.
Fig. 5.11 (a) depicts a 3D rendering of the top Seam R with the parallel natural
microfractures striking around NWN-SES. The threshold image of the corresponding 2D
slice is given in Fig. 5.11(b). The 3D view shown in Fig. 5.11 (a) is rendered using
VolumeJ® which was developed by Abramoff and Viergever (2002). The longer
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microstructure shown in Fig. 5.11 (b) has aperture varies from 0.17 to 0.65mm with main
direction of N40.80°W, while the aperture of shorter microfracture varies from 0.17 to
0.37mm with main direction of N41.45°W and infilled by the impurity materials in small
parts. The shorter microfracture seems to be bended to the NEE direction which may be
caused by a secondary local deformation. The primary local deformation is considered to
be associated to the occurrence of syncline structure in the study site and it has probably






Fig. 5.12. (a) 3D model of core sample of the middle Seam Q shows the presence of
remaining fracture plane and (b) the corresponding 2D CT-image, (c) the similar remaining
fracture planes presented in the core sample of middle Seam R, and (d) a 2D slice of roof
Seam Q depicts the inclusion of a mineral grain with higher density than the rock matrix
and a microfracture infilled by a material whose density is lower than the rock matrix.
The CT-images of core coal samples do not show any significant microstructures,
except the remaining fracture planes which for example it can be seen in Figs. 5.12(a), (b),
and (c). These fractures supposed to be related to the larger scale of fractures in the study
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site, but we could not measure their direction. Fig. 5.12(d) presents the 2D slice of CT-
image for roof Seam Q (coally mudstone) and the inclusion of a mineral grain whose
relative density is higher than the rock matrix and a microfracture which is infilled by













Fig. 5.13. Ordinary kriging maps of ash contents for: (a) the top Seam Q and (b) the top
Seam R. The sampling point of the top Seam R is located closer to the higher zone ash
content than the location of sampling point of top Seam Q. Note: • = drillhole points, + =
sampling points.
In addition to the CT-image analysis, the geostatistical spatial modeling of coal
quality is carried out using ordinary kriging estimation. Figs. 5.13(a) and (b) represent the
estimation maps of ash contents in the top Seam Q and the top Seam R, respectively. The
coal sample of the top Seam Q used in the CT scanning was located in higher ash content
zone than the average (av. 3.74%), while the coal sample of top Seam R was close to the
location where the ash content was lower than the average (av. 5.24%). As the average ash
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content in the top Seam Q is lower than in the top Seam R, both coal samples are located in
the same zone of ash content. However, the coal sample of top Seam R is closer to the
higher zone ash content than the coal sample of top Seam Q. This phenomenon is
supported by the features shown in Figs. 5.10 and 5.11 that the coal sample of top Seam R
contains the natural microfractures which in some parts infilled by the impurity material,
while the core sample of top Seam Q only presents some artificial microfractures.
5.4. Conclusion
By utilizing the nine bulk and six core samples from a multilayer coal deposit, CT-
images processing and analysis were performed to quantify the coal characterization in
relating to the coal quality and local geological structure. Then some conclusions below are
obtained.
1. Brightness adjusting and thresholding in the image processing are useful to discriminate
the principal coal component, impurity materials, and microfractures.
2. The presence of cupping effect in the raw CT-image can be removed by using the
combination of unsharp mask and mean filtering in order to increase the quality of CT-
image for the quantification purpose.
3. This study clarified that the presences of natural microfractures detected from the CT-
image have dominant orientation agreeable to the syncline structure. Moreover some
microfractures have been detected to be deformed by the secondary local deformation
which might occur after the occurrence of syncline.
4. The presence of natural microfractures and impurity materials infilled inside can be a
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As an important alternative energy for the better human life, the coal resource has
been studied. This dissertation focuses on the spatial characterization and geological
modeling of heterogeneous resource quality in a multilayer coal deposit by using some
approaches of advanced geostatistical methods and CT-image analysis.
In Chapter 2, 37 borehole data in a small multilayer coal deposit is utilized to
evaluate the capability of ordinary kriging method based on the variographic fitting, and
then some conclusions below are obtained.
• The smallness of data amount is problematic in estimation, because the estimation
result is less robust due to this limitation. The multivariate geostatistics such as
cokriging methods can be used to overcome the limitation of smallness data in
estimation by considering the secondary coal property with the larger number of data
and correlated spatially to the primary coal property.
• The existence of outliers has a strong influence in the semivariogram constructions
and finally the semivariogram without outliers is used in the estimation. Moreover, the
outliers genetically can be considered as a different population if their location is
separated to the major data.
• This study shows that ordinary kriging has a limitation when estimating the
discontinuity of layer distribution which is common phenomena in the coal deposit. As
for example, the most upper seam is commonly eroded by the topographical surface,
and some lower seams genetically could have a local disappearance because of natural
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thinning or geologically structured.
• Kriging also does not consider the area where for example estimated bottom layer over
the estimated top layer, therefore a practical solution is indispensable to overcome the
problems. When the estimated thickness of overburden or interburden is negative, it
means that the estimated top layer of the most upper seam is over the topography
surface or the estimated top layer of the lower seam is over the estimated bottom layer
of the upper seam.
In Chapter 3, based on the methodology used in the Chapter 2, 3370 borehole and
trenching data in a sedimentary basin including a multilayer coal deposit is used to perform
semivariogram analysis, linear coregionalization model, ordinary kriging and cokriging,
and factorial cokriging. Those methods were performed to characterize the spatial
heterogeneity of coal seam geometry (thickness) and the coal quality properties of ash,
sodium, total sulphur and calorific value. By selecting the four main seams as the study
target, the following results were obtained.
• The semivariogram analysis clarified that the spatial correlation structures are different
for each property, but are relatively similar within seams for the same property. Ash
content and calorific value are strongly correlated in the top and bottom sub-units in
each seam, represented by group of Seam R in this study. The strong effect of
interbedded rocks adjacent to the top and bottom sub-units of seams was identified on
these properties. On the contrary, the sodium contents have a clear spatial correlation
between all seams regardless of the position in a seam, which may be attributable to
the chemical composition of pore (saline) waters during the deposition of coal sources.
• The linear coregionalization model is effective for modeling the spatial correlations of
multivariate data at each scale. Although the statistical correlation between the
geometry and quality properties was small, the linear coregionalization model could
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extract the hidden spatial correlation at the regional scale. The underlying basin
geometry and the syncline structure may control this correlation.
• Ordinary kriging is indispensable to the spatial estimations of thickness, ash content,
and total sulphur, because it can reveal the general trends easily. Where there is
significant spatial correlation between co-properties, ordinary co-kriging is more
useful to extend the estimation area by utilizing a secondary data set with wider cover
than the first data set. This merit was demonstrated by the case of the sodium contents
in Seams RT and RB.
• The difference in spatial heterogeneity of the sodium contents in Seam R at the micro,
local, and the regional scales proved the usefulness of factorial cokriging. Moreover,
important characteristics at the regional scale were clarified, such as the strong
relationship between low sodium contents and thin seams zones.
• The spatial distribution results by geostatistical techniques suggest that the thicknesses
of all the major seams were controlled by the syncline structure, while the coal
qualities chiefly were originated from the coal depositional and diagenetic processes.
As the continued study of Chapter 3, the study in Chapter 4 performed variographic
analysis, ordinary kriging, sequential Gaussian simulation, and three-dimensional
optimization method to evaluate the coal accumulations and tonnages and their uncertainty
with considering three-dimensional seam structure. By selecting the four major seams in
the study site, the following results were obtained chiefly.
• Although ordinary kriging (OK) and sequential Gaussian simulation (SGSIM) were
different approaches, they lead to the equivalent spatial trends of the coal
accumulations and also the similar values of coal tonnages for all the seams. Common
to all the seams, the coal accumulations were large in the western side from or along
the syncline axis. The differences of coal tonnages of Seams T, R, Q, and P between
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the OK and SGSIM were just 1.5%, 0.4%, 0.4%, and 6.2%, respectively. As for the
uncertainty of the coal tonnage, SGSIM could decrease it by reducing the effect of bias
in sample data location on the spatial estimation.
• The uncertainty of the coal tonnages was the largest in the lower seam, Seam P, due to
thinness of the seam in addition to the effect of data locations and data values
variability. This thinness might originate from the frequent changes of the coal
depositional environments, because the data of thin Seam P were located around the
boundary of sedimentary basin.
• Discontinuous seam structures including splitting into several sub-seams and local
disappearance could be estimated by OPTSIM that is based on a combination of the
binary transformation and three-dimensional interpolation of the geologic data. For all
the seams, the uncertainty degrees of presence of seams by OPTSIM coincided with
the estimate errors calculated from the OK variance. The absence of seams in places
was considered to be mainly caused by seam thinning, not by fault, because the
uncertainty degrees changed gradually.
• From the geostatistical modeling of the thickness and bottom elevation of the seams,
their variability was probably controlled by the deformation process of the thrust fault
and the syncline structure, because the general trends of the thickness and bottom
elevation followed the geological structures. On the other hand, the coal depositional
process and source materials are the most plausible factors that caused the spatial
heterogeneity of the coal qualities such as ash content and total sulphur.
In Chapter 5, by utilizing the nine bulk and six core samples from a multilayer coal
deposit whose spatial properties was discussed in Chapter 3 and 4, CT-images processing
and analysis were performed to quantify the coal microstructures in relating to the coal
quality and local geological structure. Then some conclusions below are obtained.
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• Brightness adjusting and thresholding in the image processing are useful to
discriminate the principal coal component, impurity materials, and microfractures.
• The presence of cupping effect in the raw CT-image can be removed by using the
combination of unsharp mask and mean filtering in order to increase the quality of CT-
image for the quantification purpose.
• This study clarified that the presences of natural microfractures detected from the CT-
image have dominant orientation agreeable to the syncline structure. Moreover some
microfractures have been detected to be deformed by the secondary local deformation
which might occur after the occurrence of syncline.
• The presence of natural microfractures and impurity materials infilled inside can be a
main cause of decreasing the coal quality or increasing the ash content over the
average in a seam.
6.2. Research Originalities and Future Works
The originalities of this work are: to develop the multivariate analysis for coal
quality data based on the linear coregionalization model and then used it to interpret the
underlying geological process in the study site; to develop an uncertainty assessment for
coal tonnage and seam structure based on the geostatistical methods and three-dimensional
optimization method; and to develop a new approach of CT-images processing for coal
samples then used it to access the coal quality. In addition, the uncertainty assessment of
coal tonnage and seam structure can contribute to the mine operation and planning
especially for the long term planning, while the multivariate analysis of coal quality data
and CT-image processing for coal samples can contribute to the scientific aspect especially
in coal geology.
Some works are recommended for the future. First is to develop an approach to
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estimate the uncertainty of seam structures by using the combination of sequential
Gaussian simulation and sequential indicator simulation and then compare it to the
combination of ordinary kriging and indicator kriging. The second future work is to
develop a computerized method for coal reserve calculation associated with the uncertainty
or error which can be used in the short term mine planning. The third is for X-ray CT
scanning, where the development on hardware filtering is necessary to reduce the trend due
to the cupping effect. The first process is to scan solely a fluid or oil whose density close to
the coal density, then the second process is to put the coal sample into the box filled by that
fluid or oil and scan it. At least we can use fresh water instead of fluid or oil. In CT-image
processing, the cupping effect should be removed by subtracting the CT-image of fluid or
oil from the CT-image of coal sample with fluid or oil. In addition, some direct methods to
identify the type of impurity materials in coal sample are necessary, such as XRD (X-Ray
Diffraction) and SEM (Scanning Electron Microscope). Application of color image
analysis to estimate the quantitative distribution of principal coal component and impurity
materials is also interesting subject for the future work as well as to develop an automation
process for detecting and measuring the microfractures under ImageJ environment.
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